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Abstract
This paper studies how workers’ uncertain job prospects impact the wages and
growth of young firms and quantifies the aggregate implications on productivity
and business dynamism. Building a heterogeneous-firm directed search model in
which workers gradually learn about permanent firm productivity types, I find that
the learning process creates endogenous wage differentials for young firms. In the
model, a high-performing young firm must pay a higher wage than that of equally
high-performing old firms, while a low-performing young firm offers a lower wage
than that of equally low-performing old firms, to attract workers. This is because
workers are unsure whether the young firm’s performance reflects its fundamental
type or a temporary shock due to the lack of historical records. I find that these
wage differentials affect both the hiring and retention margins of young firms and
can impede the growth of high-potential young firms. Furthermore, the model in-
dicates that higher uncertainty about young firms leads to bigger wage differentials
and thus hampers the overall startup rate, young firm activity, and aggregate pro-
ductivity. Using employee-employer linked data from the U.S. Census Bureau and
regression specifications guided by the model, I provide empirical support for the
model predictions. These findings offer a new perspective on entrepreneurship and
young firm dynamics through the workers’ job prospects channel, with important
implications for business dynamism and aggregate productivity.
JEL Code: E24, J31, J41, J64, L26, M13, M51, M52
Keywords: Job Prospects, Wage Differentials, Young FirmDynamics, Entrepreneur-
ship, Learning, Uncertainty, Aggregate Productivity, Allocative Efficiency
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1 Introduction

Acquiring workers is essential for firms to grow, especially for young firms with high
growth potential. High-growth young firms account for a disproportionate share of
gross job creation and productivity growth in the U.S. economy and have been at the
center of recent research (Haltiwanger, 2012; Haltiwanger et al., 2013; Decker et al.,
2014, 2016; Haltiwanger et al., 2016; Foster et al., 2018). However, young firms are
nascent and have short track records. This increases workers’ uncertainty about job
prospects at the firms. The inherent uncertainty about the jobs offered by young firms
could be important to understanding young firm dynamics, yet this mechanism has not
been much studied. This paper proposes that uncertain job prospects affect worker pay
and growth of young firms, and have macroeconomic implications for overall young
firm activity, resource allocation, and aggregate productivity in the economy.
Workers evaluate the value of a job by considering its expected stream of wages,

the possibility of being laid off, and potential future career development. To do so,
workers consider the firm’s current and historical performance, build beliefs about its
growth potential, and decide whether or not to work for that firm. However, unlike
mature firms, workers are less certain about young firms’ performance as an indicator
of their fundamentals, due to the firms’ lack of history. Thus, workers may hesitate to
work for young firms with high growth potential and may require compensating wage
differentials relative to otherwise similar mature firms.
This paper formalizes and examines the proposed job prospects mechanism and its

implications for young firm activity and aggregate outcomes, both theoretically and
empirically. I construct a heterogeneous firm directed search model with symmetric
Bayesian learning about firms’ underlying productivity types, and test the model’s pre-
dictions using two comprehensive databases hosted by the U.S. Census Bureau; the
Longitudinal Business Database (LBD) and the Longitudinal Employer-Household Dy-
namics (LEHD).
I build on the directed search model of Schaal (2017) and introduce symmetric learn-

ing as in Jovanovic (1982). A novel feature of the model is that workers need to learn
about firm types along the firm life cycle, and take jobs based on their beliefs about firm
types. In the model, workers’ learning and uncertain job prospects create endogenous
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wage differentials for young firms relative to otherwise similar mature firms. Specifi-
cally, I find that young firms with high demonstrated potential, defined as those with
cumulative average performance above the cross-sectional prior mean, must offer wage
premia to attract workers relative to otherwise similar mature firms. This is due to
the relative lack of performance records for young firms, so that workers are not fully
convinced by their average performance. Such wage differentials can create a barrier
at the hiring or retention margin of those young firms, increasing their marginal costs
and hampering their growth.
At the same time, young firms with low demonstrated potential, those with cumula-

tive average performance below the cross-sectional prior mean, can pay wage discounts
compared to their otherwise similar mature counterparts. This follows the same logic,
where the low performing young firms benefit from the fact that their limited history
gives them some upside risk.
The model further allows me to quantify the macroeconomic implications of this job

prospects channel for overall young firm activity and aggregate productivity. A coun-
terfactual analysis suggests that an increase in noise dispersion in the learning process
(or an increase in the fundamental uncertainty regarding young firms’ job prospects)
can lead to declines in firm entry and the share of young firms. This is because higher
uncertainty slows down the speed of learning about firm types, and increases gaps in
workers’ job prospects and the consequent wage differentials between young firms and
otherwise similar mature firms.
In particular, more uncertain prospects amplify the wage premia paid by high per-

forming young firms and hamper the growth of those young firms with high potential.
Furthermore, more uncertain prospects allow low performing firms to pay less and
linger in the economy. Thus, labor markets become tighter and overall hiring costs are
raised for recruiting firms. This can in turn hamper overall allocative efficiency and
decrease aggregate productivity. This establishes that workers’ job prospects at young
firms can have important macroeconomic impacts on overall business dynamism and
allocative efficiency in the economy.
Next, I use the Census datasets and confirm these model predictions. In particular, I

merge the LBD with LEHD, where the LBD tracks the universe of U.S. non-farm busi-
nesses and establishments annually, and the LEHD tracks the earnings, jobs, and de-
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mographics of workers reported in the Unemployment Insurance (UI) systems in most
U.S. states. Using the linked data, I estimate an individual-level earnings regression
informed by the model. I find that controlling for worker heterogeneity and observable
firm characteristics, young firms with high demonstrated potential (or high average
productivity) pay more than their mature counterparts with the same observable char-
acteristics. At the same time, I find earnings discounts paid by young firms with low
demonstrated potential (or low average productivity) relative to otherwise similar ma-
ture firms. This confirms the model’s predictions about how learning and job prospects
create wage differentials between young firms and their mature counterparts.
Next, I estimate the impact of the level of uncertainty on the earnings differentials of

young firms by using industry-level variation in uncertainty (measured by the disper-
sion of firm-level productivity shocks) and interacting it with the earnings residuals. I
find that the earnings differentials for young firms are more pronounced in industries
with more dispersed firm-level productivity shocks. Lastly, I construct industry-level
measures of business dynamism and examine their relationships with uncertainty to
test the macroeconomic predictions of the model. I find that higher uncertainty with
more dispersed noise has a negative impact on overall business dynamism at the indus-
try level. These findings are consistent with the model’s aggregate implications. To the
best of my knowledge, these findings have not been documented in previous studies.
The remainder of this paper is structured as follows: Section 2 discusses the related

literature along with the paper’s main contribution; Section 3 develops a heterogeneous
firm directed searchmodel that extends Schaal (2017) by introducing a firm-type learn-
ing process; Section 4 lays out the model’s main implications and mechanisms; Section
5 describes the model calibration and counterfactual exercises; Section 6 uses the U.S.
Census Bureau data and tests the model implications for wage differentials of young
firms and the effect of uncertainty on macroeconomic outcomes; and Section 7 con-
cludes.
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2 Literature Review

This paper is related to several strands of literature. First, it contributes to a broad
line of work in firm dynamics and macroeconomics that studies potential factors or
frictions affecting the post-entry dynamics and growth of young firms. Much previ-
ous research emphasizes the importance of financing constraints for entrepreneurship
(Evans and Jovanovic, 1989; Holtz-Eakin et al., 1994; Cooley and Quadrini, 2001;
Hurst and Lusardi, 2004; Kerr and Nanda, 2009; Robb and Robinson, 2014). Schmalz
et al. (2017) and Davis and Haltiwanger (2019) specifically highlight the role of hous-
ing collateral values as a determinant of firm entry and post-entry growth of young
firms. Foster et al. (2016) show that frictions in accumulating demand can also slow
the growth of new businesses. Akcigit and Ates (2019) and Jo and Kim (2020) suggest
that barriers to knowledge spillovers can dampen firm entry and the growth of young
firms. Meanwhile, Decker et al. (2020) attribute the recent decline in job reallocation,
firm entry, and exit to the declining responsiveness of firms to idiosyncratic productiv-
ity shocks, possibly caused by an increase in adjustment costs or distortions positively
correlated with fundamentals. This paper contributes to this literature by identifying
workers’ job prospects as a novel friction affecting firm entry and the growth of young
firms.
Second, this paper is also relevant to a large set of literature that studies inter-firm

wage differentials and compensation dynamics across different firms. Abowd et al.
(1999), Abowd et al. (2002) and Abowd et al. (2004) develop an econometric frame-
work (AKM, henceforth) and quantify earnings variation attributable to worker versus
firm components using two-way fixed effects. This methodology has been applied in a
broad range of subsequent studies analyzing firm wage differentials (Card et al., 2013;
Bloom et al., 2018; Card et al., 2018; Lopes de Melo, 2018; Song et al., 2019; Babina
et al., 2019). Some studies mainly focus on wage differentials by firm age. Brown and
Medoff (2003) find that older firms pay higher wages, but that relationship between
firm age and wages becomes insignificant or negative controlling for worker charac-
teristics. Haltiwanger et al. (2012) document an earnings gap between startups and
established firms in the U.S., which exhibits an increasing trend in the last decade. Bur-
ton et al. (2018) and Sorenson et al. (2021) find in Danish data that younger firms pay
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more while smaller firms pay less, controlling for employee characteristics, and that the
size effect dominates the age effect. Kim (2018) uses data on MIT graduates and finds
that startups pay wage premia relative to their counterparts at established firms. The
closest study to this paper is Babina et al. (2019), who use U.S. Census data and show
the existence of positive and significant wage premia for young firms, controlling for
worker and firm selection. This paper contributes to this literature by providing a rich
structural model that guides a concrete mechanism generating earnings differentials of
young firms, which depend on the firms’ performance history. Guided by the model,
the paper develops and estimates an empirical specification that isolates the part of
inter-firm earnings differentials attributed to workers’ uncertain job prospects.
Lastly, this paper is grounded in the directed search literature. Menzio and Shi (2010)

develop a general stochastic model of directed search on the job and find a block recur-
sive equilibrium in which agents’ value functions, policy functions and market tight-
ness do not depend on the distribution of firms or workers. Menzio and Shi (2011)
also develop a model of directed search on the job in which transitions of workers
between unemployment and employment and across employers are driven by hetero-
geneity in the quality of firm-worker matches. My work is closely related to Kaas and
Kircher (2015) and Schaal (2017), who link directed search to standard firm dynamics
models. Kaas and Kircher (2015) investigate job reallocation and flow patterns across
different-sized firms in a model in which firms actively compete for workers by offering
long-term contracts in a frictional labor market. Schaal (2017) also builds a tractable
directed search model with firm dynamics and time-varying idiosyncratic volatility and
studies the impact of time-varying idiosyncratic risk at the establishment level on unem-
ployment fluctuations. This paper contributes to this literature by adding a firm-type
learning process to the directed search framework. The model generates endogenous
wage differentials across different firm ages, even after controlling for firms’ observable
characteristics, and quantifies their macroeconomic implications.
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3 Theoretical Model

In this section, I present a heterogeneous firm directed search model as a baseline
framework to study how job prospects generate wage differentials for young firms seek-
ing to hire or retain workers, compared to their otherwise similar mature counterparts.
I analyze how such differentials affect young firms’ hiring and retention margins as well
as their employment growth and activity, and explore how job prospects affect overall
young firm activity and aggregate productivity. The baseline model builds on Schaal
(2017) by introducing a firm-type learning process as in Jovanovic (1982).

3.1 The Environment

The model is set in discrete time and consists of a continuum of heterogeneous firms
with homogeneous workers within frictional labor markets. Both firms and workers
are assumed to have symmetric information. The mass of workers is normalized to
one, while the mass of firms is pinned down endogenously with free entry. Both firms
and workers are risk neutral and have the same discount rate β. Firms all produce an
identical homogeneous good which is the numeraire.

3.2 Firm-type Learning Process

Firms are born with different productivity types ν that are time invariant and unob-
served to both firms and workers. Among entrants, ν is normally distributed with mean
ν̄0 and standard deviation σ0. Entrants do not know their own ν, but know that their
type ν has cross-sectional distribution N(ν̄0, σ

2
0). Given symmetric information, work-

ers can also only observe the cross-sectional distribution of firm type among entrants.
Thus, both entrants and workers start with a belief ν ∼ N(ν̄0, σ

2
0) at age 0. The disper-

sion of firm type σ0 indicates the signal level in the economy. The more dispersed the
type distribution is, the more signal agents can gain from observing firm productivity
realizations.
Observed productivity for firm j at time t, Pjt, follows the following log-normal pro-
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cess, which depends on firm type νj:

Pjt = eνj+εjt , (3.1)

where εjt ∼ N(0, σ2
ε) is a firm-specific shock that is independent over time and across

firms. Here, the dispersion of firm-level shocks σε indicates the degree of uncertainty in
the economy, as higher shock dispersion generates more noise in the learning process.
Let ajt denote the age of firm j at period t, which implies that the firm is born at

(t−ajt). Also, let ν̄jt−1 and σ2
jt−1 be the prior (or updated posterior) mean and variance

about firm j’s type at the beginning of period t, respectively. Note that νjt−ajt−1 = ν̄0

and σ2
jt−ajt−1 = σ2

0 are the initial beliefs held at firm j’s birth in period (t − ajt). Upon
observing the productivity level Pjt, both the firm and workers update their posterior
beliefs about firm j’s type using Bayes’ rule.1 Consequently, the following posterior on
νj is obtained:

νj|Pjt
∼ N(ν̄jt, σ

2
jt), (3.2)

where

ν̄jt =
σ2
ε ν̄jt−1 + σ2

jt−1 lnPjt

σ2
jt−1 + σ2

ε

=

ν̄jt−1

σ2
jt−1

+
lnPjt

σ2
ε

1
σ2
jt−1

+ 1
σ2
ε

, (3.3)

σ2
jt =

σ2
jt−1σ

2
ε

σ2
jt−1 + σ2

ε

=
1

1
σ2
jt−1

+ 1
σ2
ε

. (3.4)

By iterating (3.3) and (3.4) backward and using ajt + 1 = ajt+1, I can rewrite (3.3)
and (3.4) as follows:

ν̄jt =

ν̄0
σ2
0
+

∑ajt
i=0 lnPjt−i

σ2
ε

1
σ2
0
+ (ajt + 1) 1

σ2
ε

=

ν̄0
σ2
0
+ (ajt+1)

P̃jt

σ2
ε

1
σ2
0
+ (ajt+1)

1
σ2
ε

(3.5)

σ2
jt =

1
1
σ2
0
+ (ajt+1)

1
σ2
ε

(3.6)

where P̃jt ≡
∑ajt

i=0 lnPjt−i

(ajt+1)
=

∑ajt
i=0 lnPjt−i

(ajt+1)
is the cumulative average of log productivity up

to period t. ν̄jt and σ2
jt are key state variables for firms and workers that summarize

1See Appendix A for more details on the Bayes’ rule.
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their posterior beliefs about firm j entering period t+ 1.
Equations (3.5) and (3.6) contain several noteworthy results. First, firm age and

the average log productivity, (ajt+1, P̃jt), are sufficient statistics for the posterior about
firm j’s type at t + 1. In particular, the posterior mean is a weighted sum of the initial
prior mean and the average observed productivity, and the weights depend on firm
age. Therefore, one can track job prospects for each firm using these two variables.
This property comes from normal learning and makes the model tractable.
Second, the following relationships between the two sufficient statistics and the pos-

terior mean at the beginning of each period t can be derived:

∂ν̄jt−1

∂P̃jt−1

=

ν̄0
σ2
0
+ ajt

1
σ2
ε

1
σ2
0
+ ajt

1
σ2
ε

> 0 (3.7)

∂ν̄jt−1

∂ajt
=

(P̃jt−1 − ν̄0)

σ2
0σ

2
ε

(
1
σ2
0
+ ajt

1
σ2
ε

)2
≥ 0 if P̃jt−1 ≥ ν̄0

< 0 if P̃jt−1 < ν̄0

. (3.8)

Equation (3.7) implies that the posterior mean increases in the average productivity
level. As firms are observed to have higher average productivity, their prospects im-
prove. Moreover, (3.8) shows that firm age affects job prospects differently depending
on the firm’s average productivity. Specifically, if firm j’s cumulative average log pro-
ductivity is above the initial cross-sectional mean, a higher age implies a better inferred
type, while if a firm’s average productivity is below the cross-sectional mean, a higher
age implies a worse inferred type.

Definition 1. Firms are “high performing” if their average productivity is above the cross-
sectional prior mean, and “low performing” if their average productivity is below the cross-
sectional prior mean.

I will refer to firms as “high performing” and “low performing” throughout the paper,
by the relationship between their average productivity and the initial prior mean. Note
that in Bayesian learning, both firms and workers learn from observable performance
to infer firms’ fundamental types. Therefore, a firm’s average observed productivity
(P̃jt−1) indicates their “potential” type in a given period t, which converges to the firm’s
time-invariant type νj in the long run.
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Figure 1: Posterior Distribution of Firm Type

Lastly, one can derive the following relationship between firm age and the posterior
standard deviation:

∂σ2
jt−1

∂ajt
= − 1

σ2
ε

(
1
σ2
0
+ ajt

1
σ2
ε

)2 < 0, (3.9)

which implies that as a firm ages, learning gets less noisy, and the posterior converges
to a degenerate distribution centered at the true type νj.
Figure 1 summarizes the pattern of posterior beliefs across different firm ages, for

a given level of average observed productivity (indicated by the red dashed line). The
left panel shows the posteriors associated with low performing firms (having average
productivity lower than the cross-sectional prior mean), and the right panel shows
the counterpart for high performing firms (having average productivity higher than
the cross-sectional prior mean). These panels clearly illustrate the properties in (3.7),
(3.8), and (3.9): for low performing firms, the posterior mean is higher for younger
firms than for older firms with the same average productivity, while the opposite is true
for high performing firms; and the posterior variance declines in firm age.
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3.3 Labor Market

The labor market is frictional. Following Schaal (2017), search is directed on both
the worker and firm sides. Firms announce contracts to hire and retain workers each
period. Following the convention in a standard directed search framework, a sufficient
statistic to define labor markets in the economy is the level of promised utility that each
contract delivers to workers upon matching. This is because firms that offer the same
utility level to workers compete in the same labor market, and workers that require the
same utility level search in the same market. Thus, the labor market is a continuum of
submarkets indexed by the total utility xjt that firms (j) promise to workers.
Both firms and workers direct their search by choosing a submarket to search in

and find their match. They both take into account a trade-off between the level of
utility of a given contract and the corresponding probability of being matched. Matches
are created within each market through a standard constant-returns-to-scale matching
function. Firms post vacancies by paying a vacancy cost c to hire workers.
Let θ(x) denote the market tightness, defined as the vacancy-to-searchers ratio in

each submarket x.2 Also following the standard notation in search and matching mod-
els, let f(θ) and q(θ) be job finding and job filling rates for workers and firms, respec-
tively. As is standard in the literature, I assume that f ′(θ) > 0, f(0) = 0, q′(θ) < 0,
and q(0) = 1. I also assume that firms and workers can only visit one submarket at
a time. Lastly, there is both on-the-job and off-the-job search in the economy, so that
both unemployed and employed workers are allowed to search. Here, λ denotes the
relative search efficiency for employed workers compared to unemployed workers.

3.4 Dynamic Contracts

Contracts are written every period after matching occurs and before production takes
place. As in Schaal (2017), contracts are recursive and are assumed to be state-contingent
and fully committed for firms. A contract for workers employed at firm j at t, Ωjt,
specifies the current wage wjt, the next period’s utility level W̃jt+1, the firm’s next-
period exit probability djt+1, and the worker’s next-period separation probability sjt+1,

2Note that searchers in a given market x are either unemployed workers or employed workers who
are searching for a new job while on their current job. More details can be found in Section 3.8.
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where the last three terms are contingent on the firm’s next period state variables
(ajt+1, P̃jt, Pjt+1, ljt), where ljt is the number of workers employed at firm j at the end
of period t. Thus, the contract can be written as

Ωjt = {wjt,djt+1, sjt+1,W̃jt+1}, (3.10)

where

djt+1 = d(ajt+1, P̃jt, Pjt+1, ljt)

sjt+1 = s(ajt+1, P̃jt, Pjt+1, ljt)

W̃jt+1 = W̃(ajt+1, P̃jt, Pjt+1, ljt).

I assume firms offer common contracts across workers with the same ex-post hetero-
geneity (defined by the employment status of workers).3 This is because there is neither
worker ex-ante heterogeneity nor human capital accumulated within a firm. Since each
firm j is committed to its contracts offered to workers each period, the firm writes new
contracts at t taking as given the utility level W̃jt promised in the previous period for
the remaining incumbent workers at t, as well as the promised utility xjt for the new
hires at t.

3.5 Model Timeline

The model timeline is as follows. At the beginning of each period t, both incumbent
firms and workers enter with priors (or updated posteriors) about firm type, character-
ized by firm age and the average log productivity, ajt and P̃jt−1.4 The firms also enter
with their employment level ljt−1 and the state-contingent contracts Ωjt−1 that they
offered in the previous period to their incumbent workers. Note that for new firms,
both firms and workers start with initial priors about firm type based on the common

3This means firms offer the same state-contingent next-period variables to workers as workers obtain
the same ex-post heterogeneity once they join the firm in the current period. However, the current wage
can vary across workers depending on the workers’ previous employment status before joining the firm
or being retained by the firm in a given period.

4Note that the beginning-of-period priors for incumbent firms are the posteriors updated by the end
of the previous period.
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initial firm type distribution firms are born with.
Next, an exogenous death shock hits incumbent firms, which drives a fraction δ of

firms to exit. New firms enter afterwards by paying an entry cost ce, where free entry
is assumed. Firm productivity Pt is realized, after which firms decide whether to exit
or stay, following the rule djt (= d(ajt, P̃jt−1, Pjt, ljt−1)), which is a function of the firm
state variables at t, and is specified in their contract with workers at t − 1. Also, they
decide whether to lay off workers with probability sjt (= s(ajt, P̃jt−1, Pjt, ljt−1)), which
is also a function of the same set of the firm state variables at t, following the rule
announced in their contract at t− 1.
Search and matching follows, with new and surviving incumbent firms on one side

and unemployed and employed workers on the other side. Firms choose and search in
market xjt, post vacancies vjt by paying the per-vacancy cost c, and hire new workers
hjt with a job filling rate determined by market tightness q(θ(xjt)). Here, the number of
vacancies and new hires have the relationship hjt = q(θ(xjt))vjt, and the vacancy cost
per hire is c

q(θ(xjt))
. On the other hand, unemployed workers choose their market to

search in, xU
t , and employed workers at firm j choose search market xE

jt. Unemployed
and employed workers find a job with probability f(θ(xU

t )) and f(θ(xE
jt)), respectively.

At the end of this process, firms will end up with the following employment level ljt:

ljt = hjt + (1− λf(θ(xE
jt)))(1− sjt)ljt−1,

which is the sum of new hires and the remaining incumbent workers after the departure
of those laid off and those moving to other jobs.
Finally, firms enter the last stage of each period, in which they write contracts to

new and retained workers, and produce. They offer the workers the contract Ωjt as
in (3.10). When writing this contract, firms are committed to providing utility W̃jt to
surviving incumbent workers from t− 1 and xjt to new hires. Lastly, firms pay a fixed
operating cost cf , produce, and pay wages wjt to workers as announced in the contract
Ωjt. Figure 2 shows the timeline.
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Figure 2: Timeline of the model

3.6 Workers’ Problem

This subsection describes the workers’ problem. First, unemployed workers have the
following value function Ut:

Ut = b+ βEt

[
max
xU
t+1

(1− f(θ(xU
t+1)))Ut+1 + f(θ(xU

t+1))x
U
t+1

]
. (3.11)

Unemployed workers obtain unemployment insurance b and choose a market segment
xU
t+1 for their job search, considering the job finding probability f as a function of labor
market tightness θ(xU

t+1). By doing so, they take into account a trade-off between the
promised utility xU

t+1 and the labor market tightness θ(xU
t+1). Here, workers do not save

and are risk neutral.
Employedworkers at firm j under the contingent contractΩjt = {wjt,djt+1, sjt+1,W̃jt+1}

have the following value function after the search and matching process is complete (at
the stage of production):

W(ajt, P̃jt−1, ljt−1, Pjt,Ωjt) =wjt + βEjt

[(
δ +

(
1− δ

)(
djt+1 + (1− djt+1)sjt+1

))
Ut+1
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+ (1− δ)(1− djt+1)(1− sjt+1)max
xE
jt+1

(
λf(θ(xE

jt+1))x
E
jt+1

+
(
1− λf(θ(xE

jt+1))
)
W̃jt+1

)]
, (3.12)

where the firm’s state variables are its age ajt, average productivity P̃jt−1 accumulated
up to the beginning of t, productivity draw Pjt at t, and its employment level ljt−1

before search and matching at t, all of which determine the set of contracts Ωjt =

{wjt,djt+1, sjt+1,W̃jt+1} for the workers employed at firm j, which the workers take as
given.5

Equation (3.12) shows that workers employed at firm j first receive the wage wjt as
specified in their contracts. For the following period, they consider three possible cases:
(i) they are dismissed, either because the firm exits (exogenously or endogenously) or
because the firm lays off workers to cut back its employment level, (ii) they quit and
move to other firms by successful search on the job, or (iii) they stay in the firm. In the
case of firm exit or layoff, workers go to unemployment and get the value Ut+1. Here,
exogenous firm exit is caused by the exogenous death shock at rate δ ∈ [0, 1], while
endogenous firm exit is characterized by the dummy variable djt+1 ∈ {0, 1}. sjt+1 is
the firm’s layoff probability at t + 1, and layoffs are i.i.d. across incumbent workers.
Note that both djt+1 and sjt+1 are contingent on the firm’s state at t+1, depending on
its productivity draw Pjt+1.
Combining these possibilities, the first term inside the large bracket of the right-

hand side of (3.12) shows the value when the worker becomes unemployed in the
next period. Meanwhile, workers remain employed at t+1 with probability (1− δ)(1−
djt+1)(1−sjt+1) and are allowed to search on the job. With probability λf(θ(xE

jt+1)) they
are successful and quit, and with probability 1 − λf(θ(xE

jt+1)) they remain in the firm
and receive promised state-contingent utility W̃jt+1 from the firm. This is summarized

5Note that we need to list the average productivity P̃jt−1 and the current productivity draw Pjt sep-
arately as a part of the firm’s state variables. This is because the current productivity draw Pjt by itself
directly affects the firm’s production function, and the average productivity P̃jt through period t (the
combination of the average productivity P̃jt−1 up to t − 1 and the current productivity draw Pjt) de-
termines the firm’s posterior belief about its own type and expected future value. Therefore, knowing
P̃jt is not sufficient to understand the firm’s optimal contract choice, and we need to consider both Pjt

and P̃jt−1 (or P̃jt). This will become more clear from the firm’s value function (3.13) in the following
subsection.

15



by the remaining terms in the large bracket on the right-hand side of (3.12).
Note that Ejt(·) refers to the workers’ expectation of Pjt+1 based on their updated

beliefs on νj. The workers’ posterior distribution of log productivity is

lnPjt+1 ∼ N(ν̄jt, σ
2
jt + σ2

ε),

following (3.5) and (3.6).

3.7 Firms’ Problem

3.7.1 Incumbent Firms

Incumbent firm j (ajt ≥ 1) has the following problem at the search and matching stage
in period t:

J(ajt, P̃jt−1, ljt−1, Pjt,{Ωi
jt−1}i∈[0,ljt−1]) = max

{Ωi
jt}i∈[0,ljt]

,

hjt,xjt

Pjtl
α
jt −

∫ ljt

0

wi
jtdi− cf −

c

q(θ(xjt))
hjt

+ β(1− δ)Ejt

[
(1− djt+1)J(ajt+1, P̃jt, ljt, Pjt+1, {Ωi

jt}i∈[0,ljt])

]
,

(3.13)

where the firm produces with labor using the decreasing returns-to-scale technology
Pjtl

α
jt (α < 1), wi

jt refers to the wage paid to worker i ∈ [0, ljt] as a component of the
contractΩi

jt ≡ {wi
jt,djt+1, sjt+1,W̃jt+1}, hjt is the new hires by firm j, xjt is the market

firm j searches in at t, and q(·) is the job filling probability, which is a function of labor
market tightness θ(xjt) within the market.6 The firm solves this problem subject to the
following constraints:

ljt = hjt + (1− sjt)
(
1− λf

(
θ(xE

jt)
))
ljt−1 (3.14)

λf(θ(xE
jt+1))x

E
jt+1 + (1− λf(θ(xE

jt+1)))W̃jt+1 ≥ Ut+1 (3.15)

xE
jt+1 = xE(W̃jt+1) ≡ argmax

x
f(θ(x))

(
x− W̃jt+1

)
(3.16)

6Note that firms offer the common values for di
jt+1 = djt+1, s

i
jt+1 = sjt+1,W̃

i
jt+1 = W̃jt+1 to

workers as they become incumbents and no longer have ex-post heterogeneity in the next period.
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W(ajt, P̃jt−1, ljt−1, Pjt,Ω
i
jt) ≥ xjt for new hires i ∈ [0, hjt] (3.17)

W(ajt, P̃jt−1, ljt−1, Pjt,Ω
i
jt) ≥ W̃jt for incumbent workers i ∈ [hjt, ljt]. (3.18)

Note that (3.14) is the employment law of motion, which shows that total employment
is the sum of new hires hjt and incumbent workers remaining after firm layoffs and
workers’ successful on-the-job search.
(3.15) is a participation constraint, which prevents workers’ return to unemployment

unless separations take place, and (3.16) is an incentive constraint based on incumbent
workers’ optimal on-the-job search. The firm takes into account their workers’ incentive
to move to other firms and internalizes the impact of their utility promises on workers’
on-the-job search behavior. In other words, firms’ choice of promised utility to remain-
ing incumbent workers W̃jt+1 determines incumbent workers’ choice of submarket for
on-the-job search xE

jt+1 by the incentive condition. Therefore, the number of workers
who quit upon successful on-the-job search, λf(θ(xE

jt))ljt−1, is predetermined by the
state-contingent utility level W̃jt that the firm announced in the preceding period and
is committed to in the current period. Furthermore, the firm optimally chooses the
state-contingent utility level W̃jt+1 to deliver in the next period as a component of the
contract Ωjt, taking into account the workers’ incentive constraint (3.16) in the next
period.
In addition, (3.17) and (3.18) are promise-keeping constraints for new hires at t

and surviving incumbent workers from the previous period, respectively, both of which
the firm needs to satisfy. Because of the commitment assumption, the firm needs to
announce contracts at t that deliver at least xjt and W̃jt to their newly hired and in-
cumbent workers, respectively.
After search and matching is complete, the firm enjoys an instantaneous profit equal

to revenue Pjtl
α
jt minus the sum of the wage bill to its workers

∫ ljt
0

wi
jtdi, the oper-

ating fixed cost cf , and the vacancy cost c
q(θ(xjt))

hjt, as specified in the first line in
(3.13). In the following period, conditional on surviving the exogenous death shock
with probability (1 − δ) and the state-contingent decision rule djt+1 = 0, the firm en-
ters the search and matching process again and obtains the next period value Jjt+1 =

J(ajt+1, P̃jt, ljt, Pjt+1, {Ωjt}i).
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3.7.2 Entrants

New firms enter each period by paying entry cost ce after the death shock hits incum-
bent firms, but before the entrants’ initial productivity is realized. Entrants have initial
beliefs about their types, characterized by the cross-sectional mean ν̄0 and standard
deviation σ0. Based on their priors, they calculate the expected value from entry and
keep entering until the expected value equals the entry cost, following the free-entry
assumption. After entering and observing their initial productivity, new firms decide
whether to exit or stay, and in the latter case they search and hire workers to produce
as incumbents. They pay c for each vacancy they post and hire new workers with prob-
ability q(θ(xe

t )) as a function of the market tightness within the market xe
t they choose

to search in.
The entry mass is endogenously pinned down by the following free entry condition,

which must hold when there is a positive entry massM e
t :∫

max
Ωe

jt={we
jt,djt+1,sjt+1,W̃jt+1},

dejt,l
e
jt,x

e
jt

(1− dejt)

(
Pjt(l

e
jt)

α − we
jtl

e
jt − cf −

c

q(θ(xe
jt))

lejt

+ β(1− δ)Ejt

[
(1− djt+1)J(1, Pjt, l

e
jt, Pjt+1,Ω

e
jt)
])

dFe(Pjt)− ce = 0, (3.19)

whereΩe
jt is entrant firm j’s contract decision, which consists of the four components in

(3.10), where the wage we
jt only depends on the entrant’s initial productivity Pjt, and

the last three terms depend on the entrant’s next-period state variables (1, Pjt, l
e
jt, Pjt+1)

after drawing productivity Pjt+1. dejt, lejt, and xe
jt stand for entrant firm j’s exit, hiring,

and search decisions, respectively, after the firm’s initial productivity Pjt is observed at
t. Note that these three terms are a function only of the initial productivity Pjt as the
entrant does not have any previous history. Also, the distribution Fe(Pjt) of productivity
is based on the entrant’s initial prior about its own type νj, i.e.

lnPjt ∼ N(ν̄0, σ
2
0 + σ2

ε),

while Ejt(·) stands for the firm’s updated posterior after observing Pjt, which follows
(3.5) and (3.6). Lastly, the firm is subject to the participation and incentive constraints
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(3.15) and (3.16) for retaining incumbent workers in the next period, and the following
promise-keeping constraint for the newly hired workers in the current period:

W(0, 0, 0, Pjt,Ω
e
jt) ≥ xe

jt for all workers lejt. (3.20)

3.8 Labor Market Equilibrium

Equilibrium in each labor market is determined by workers’ and firms’ optimal search.
First, workers trade off the utility level of a given contract and the corresponding proba-
bility of being matched. The trade-off depends on workers’ current employment status,
which determines their outside option of finding a job. In particular, unemployed work-
ers choose a labor market xU

t to search in by solving

xU
t = argmax

xU
t

f(θ(xU
t ))(x

U
t −Ut), (3.21)

where the outside option Ut is given by (3.11). In a similar fashion, employed incum-
bent workers at firm j solve

xE(ajt, P̃jt−1, ljt−1, Pjt) = argmax
xE
jt

f(θ(xE
jt))(x

E
jt − W̃(ajt, P̃jt−1, ljt−1, Pjt)), (3.22)

taking into account their outside option W̃jt provided by the current employer j. Equa-
tions (3.21) and (3.22) determine the optimal labor submarkets in which unemployed
and employed workers choose to search.
Note that there exists ex-post heterogeneity among workers depending on their cur-

rent employment status, although there is no ex-ante worker heterogeneity. This means
that workers’ choices and offers will be the same for all workers of a given employment
status, being either unemployed or employed at a particular firm j with a given set of
state variables (ajt, P̃jt−1, ljt−1, Pjt).
On firms’ side, from (3.13) and (3.19) along with the promise-keeping constraints

(3.17) and (3.20) imply that both entrants and incumbents face the same problem
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when choosing their optimal submarket xjt to search in, which can be reduced to:

min
xjt

c

q(θ(xjt))
+ xjt, (3.23)

which is common to every firm, independent of their state variables. This means that
all firms are indifferent across the various submarkets xjt that are solutions to (3.23).
This result is due to the assumption of a constant vacancy cost that is common across
firms.
Labor market equilibrium is pinned down by the (possibly multiple) intersection

points between the workers’ and firms’ choices in (3.21), (3.22), and (3.23). These
equilibria are computed as follows. Starting with the firms’ problem, only submarkets
that satisfy (3.23) are searched by firms. This implies that in equilibrium, the following
complementary slackness condition should hold for any active labor submarket xt:

θ(xt)
( c

q(θ(xt))
+ xt − κ

)
= 0, (3.24)

where κ is the minimized cost value

κ ≡ min
( c

q(θ(xt))
+ xt

)
. (3.25)

I assume a CES matching function

M(S(xt), V (xt)) = (S(xt)
−γ + V (xt)

−γ)−
1
γ ,

which is common across labor submarkets xt. S(xt) and V (xt) are the total number of
searching workers and vacancies, respectively, in each labor submarket xt.7 Using the
matching function, the job finding rate f(·) and filling rate q(·) for each submarket xt

are given by:

f(θ(xt)) = θ(xt)(1 + θ(xt)
γ)−

1
γ (3.26)

7Note that the job searchers S(xt) are workers searching either from the unemployment pool (if xt

is the optimal market for unemployed workers to search in) or on the job (if xt is the optimal market for
workers employed at j to search in).

20



q(θ(xt)) = (1 + θ(xt)
γ)−

1
γ , (3.27)

where θ(xt) is the ratio of total vacancies to searching workers, V (xt)
S(xt)
, in each submar-

ket xt. Therefore, in equilibrium, labor market tightness in different submarkets must
satisfy

θ(xt) =


((

κ−xt

c

)γ
− 1

) 1
γ

if xt < κ− c

0 if xt ≥ κ− c.

(3.28)

Note that θ(·) is decreasing in xt, and if xt is greater or equal to κ−c, there are no firms
posting vacancies, so that the market becomes inactive, i.e. θ(xt) = 0.
We can derive the optimal choice for unemployedworkers xU

t by substituting out θ(xt)

in the unemployed workers’ problem (3.21) with (3.28). In a similar fashion, one can
derive a solution for xE

jt using the employed workers’ problem (3.22) and (3.28), which
pins down the on-the-job search choice of workers employed at firm j. The solutions
are provided in Appendix B.2.

3.9 Firm Distribution and Labor Market Clearing

In this subsection, I use the firms’ decision rules and a labor market clearing condition
to compute a stationary firm distribution and close the model. Since the model is solved
at the steady state in a recursive form, I drop time subscripts. To be clear, I use x to
denote state variables at the beginning of each period and use x′ to express the next
period value of x.8

Let G(a, P̃ , l) be the steady state mass of firms aged a with average log-productivity
P̃ and employment size l at the beginning of each period. This distribution satisfies the
following law of motion for all a ≥ 1, P̃ , and l:

G(a+ 1, P̃ ′, l′) = (1− δ)

∫
l

∫
P̃

(
1− d

(
a, P̃ , l, P ′))Il′G(a, P̃ , l)fP (P

′)dP̃dl (3.29)

8To avoid confusion, let me clarify that P̃ is the average productivity and l is the employment level
that firms take as given when they enter the period, before observing their new productivity draw P .
Thus, firm state variables are (a, P̃ , l, P ). Also, W̃(a, P̃ , l, P ) is the utility level promised to incumbent
workers by firms with (a, P̃ , l) at the beginning of each period and with P drawn subsequently.
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subject to
P ′ = e(a+1)P̃ ′−aP̃ , (3.30)

where Il′ denotes an indicator function for firms choosing l′, i.e. firms for whom
l(a, P̃ , l, P ′) = l′, and P ′ is the next period productivity draw following (3.30). Note
that (ν̄, σ2) are the mean and variance of the posterior distribution for a firm with age
a and average log-productivity P̃ at the beginning of each period, given by:

ν̄ ≡
ν̄0
σ2
0
+ aP̃

σ2
ε

1
σ2
0
+ a

σ2
ε

σ2 ≡ 1
1
σ2
0
+ a

σ2
ε

,

and fP (·) is the log-normal probability density function of productivity P , with the
corresponding mean ν̄ and variance σ2 + σ2

ε .
(3.29) defines the next period mass of firms with age (a+1), average log-productivity

P̃ ′, and employment size l′ as the sum of the surviving incumbents of age a that end
up having the average log-productivity P̃ , productivity draw P ′, and employment size
l(a, P̃ , l, P ′) = l′.
We can track the stationary firm mass by iterating on the law of motion along with

the following initial condition:

G(1, P̃ , l) =

M e(1− de(eP̃ ))fe(e
P̃ ) if le(eP̃ ) = l, de(eP̃ ) ̸= 1

0 otherwise.

Here, M e is the firm entry mass, fe(·) is the initial prior density of P , i.e. lnP ∼
N(ν̄0, σ

2
0 +σ2

ϵ ), and de and le are the entrants’ exit and employment decision rules after
observing their first realization of productivity P , following (3.19). This shows that
the mass of firms with age 1 and average log-productivity P̃ is the mass of surviving
entrants whose first productivity realization is P = eP̃ . Also, the mass of firms with
age 1, average log-productivity P̃ , and employment size l consists of surviving entrants
whose initial productivity is P = eP̃ and who choose initial employment size le(eP̃ ) = l.
Note that the entrant’s log productivity lnP equals its average log productivity P̃ at the
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beginning of the next period when they become age 1.
To close the model, I impose the following labor market clearing condition:

∑
a≥1

∫
P̃

∫
l

∫
P

{(
δ + (1− δ)

(
d(a, P̃ , l, P )

+
(
1− d(a, P̃ , l, P )

)
s(a, P̃ , l, P )

))
lfP (P )G(a, P̃ , l)

}
dPdldP̃

= f
(
θ(xU)

)(
N −

∑
a≥1

∫
P̃

∫
l

lG(a, P̃ , l)dldP̃
)
, (3.31)

where N = 1 given the normalization of workers’ total mass, and fP (·) refers to the
log-normal probability density function of productivity P as before, with mean ν̄ and
variance (σ2 + σ2

ϵ ).
Equation (3.31) says that in the steady state equilibrium, the inflow to the unem-

ployment pool is equal to the outflow from the unemployment pool. To be specific,
the left-hand side of (3.31) is the sum of the number of workers that lose their jobs
because of firm exit (both exogenous δ and endogenous d) or layoff s from their cur-
rent employer with age a, average log-productivity P̃ , employment size l and current
productivity P , which characterizes the total inflow to the unemployment pool. Note
that there is no loss of workers when entrant firms decide to exit, since entrants that
immediately exit never hire workers. The right-hand side of (3.31) is the number of
unemployed workers finding a job, which is the total outflow from the unemployment
pool. The number of unemployed workers equals the total population of workers mi-
nus the number of employees before firm exit and layoffs. This is because of the timing
assumption that workers laid off in period t cannot search until period t+ 1.
Furthermore, in a steady state equilibrium, total job creation by firms needs to be

equal to total job finding by workers. For notational convenience, let G̃(a, P̃ , l, P ) be
the mass of firms who survive after observing the death shock and their productivity
P , i.e. G̃(a, P̃ , l, P ) ≡ (1 − δ)(1 − d(a, P̃ , l, P ))fP (P )G(a, P̃ , l). Then, the following
equation holds:

M e

∫
P

le(P )(1− de(P ))fe(P )dP +
∑
a≥1

∫
P̃

∫
l

∫
P

{
h(a, P̃ , l, P )Ih>0G̃(a, P̃ , l, P )

}
dPdldP̃
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= f
(
θ(xU)

)(
N −

∑
a≥1

∫
P̃

∫
l

lG(a, P̃ , l)dldP̃
)

+
∑
a≥1

∫
P̃

∫
l

∫
P

{
λf(θ(xE(a, P̃ , l, P )))(1− s(a, P̃ , l, P ))lG̃(a, P̃ , l, P )

}
dPdldP̃

where the left-hand side is the sum of new jobs created by new entrants and recruiting
incumbent firms, and the right-hand side is total job finding, which is the sum of newly
hired unemployed and poached workers.

3.10 Stationary Recursive Competitive Equilibrium

Lastly, a stationary recursive competitive equilibrium can be defined as follows.9

Definition 2. A stationary recursive competitive equilibrium for this economy consists of:

1. the posteriors on types {ν̄, σ2}, following (3.3) and (3.4);

2. a set of value functions U,W(a, P̃ , l, P,Ω), and J(a, P̃ , l, P,Ω), characterized by
(3.11), (3.12), and (3.13), respectively;

3. the associated unemployed workers’ decision rule xU solving (3.21), and employed
workers’ decision rule {xE} solving (3.22);

4. the associated incumbent firms’ decision rule {Ω = {w, {d′, s′,W̃′}}, h, l, x} solv-
ing (3.13), and entrants’ decision rule {Ωe = {we, {d′, s′,W̃′}}, de, le, xe} solving
(3.19);

5. the mass of entrants M e, following the free-entry condition (3.19);

6. the labor market tightness {θ(x)} for all active markets x, following (3.28);

7. the stationary firm distribution G(a, P̃ , l) following (3.29);

8. κ characterizing the firms’ indifference curve, pinned down by (3.31);

given the exogenous process for P , initial conditions (ν̄0, σ2
0) and G(1, P̃ , l), and the total

number of workers, normalized as N = 1.
9The derivation of the equilibrium is provided in Appendix B, and the computation algorithm is de-

scribed in Appendix F.
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4 Model Implications

In this section, I derive several implications of the model, which are the foundation of
the quantitative analysis in Section 5.

4.1 Equilibrium Wages and Workers’ Job Prospects

The propositions in this section discuss the determinants of equilibrium wages offered
by firms to workers.

Lemma 1. Firm promise-keeping constraints (3.17) and (3.18) bind.

Proof. From (3.12), (3.13), (3.17), and (3.18), each firm j optimally chooses the low-
est possible {wi

jt}i that complies with the promise-keeping constraints. This does not
change any incentive structure of the problem, and thus the promise-keeping con-
straints bind with equality.

Proposition 1. Equilibrium current wages are determined by workers’ outside options and
their expected future value (job prospects) at a given firm.

Proof. Using Lemma 1, the promise-keeping constraints (3.17) and (3.18) can be rephrased
in terms of the current wage w. Then the following condition can be obtained for new
hires:

w = x− βE

[(
δ +

(
1− δ

)(
d′ + (1− d′)s′

))
U

+ (1− δ)(1− d′)(1− s′)

(
λf(θ(xE′

))xE′
+
(
1− λf(θ(xE′

))
)
W̃′
)]

, (4.32)

where x is pinned down by the equilibrium submarket choices (B.46) and (B.47) for
each unemployed and poached worker, as discussed in Appendix B.2. For incumbent
workers, the corresponding condition holds:

w = W̃ − βE

[(
δ +

(
1− δ

)(
d′ + (1− d′)s′

))
U
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+ (1− δ)(1− d′)(1− s′)

(
λf(θ(xE′

))xE′
+
(
1− λf(θ(xE′

))
)
W̃′
)]

, (4.33)

where W̃ is the total utility level firms promise to incumbent workers in equilibrium, as
shown in Appendix B.4. The first term on the right hand side of (4.32) and (4.33) shows
the promised utility level for each type of worker, which in equilibrium is determined by
the worker’s outside options and depends on the worker’s previous employment status.
The term in large brackets on the right hand side refers to workers’ expected future
value at a given firm, which depends on their posterior beliefs about firm type. Note
that workers’ expected future value is identical across workers a a given firm, regardless
of whether they are new hires or incumbents, as they share the same information about
the firm.

Proposition 1 shows that given the worker’s previous employment status, as char-
acterized by the promised utility level, the current wage solely depends on workers’
expected future value at the firm. As workers’ expectations are formed based on their
posterior beliefs about the firm, the equilibrium wage varies by firm age, following
(3.5) and (3.6).

Corollary 1. Controlling for workers’ previous employment status, the equilibrium current
wage is determined by workers’ expected future value at the firm, which is a function of
firm age.

Next, I discuss how workers’ expected future value varies across firms depending on
workers’ job prospects. Lemma 2 establishes the existence of endogenous productivity
cutoffs that determine firms’ hiring status, and the following proposition 2 lays out the
ranking of workers’ value across their employers’ hiring status.

Lemma 2. There are four endogenous cutoffs for the current productivity draw P among
operating firms: i) the upper cutoff Ph(a, P̃ , l) between hiring versus inaction with no
quits, ii) the middle cutoff Pq(a, P̃ , l) between inaction with no quits versus inaction with
quits, iii) the lower cutoff P l(a, P̃ , l) between quits only versus quits and layoffs, and iv)
the exit cutoff Px(a, P̃ , l) below which firms endogenously exit. These cutoffs are endoge-
nously determined by the beginning-of-period state variables (a, P̃ , l) before the current
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productivity draw P .10

Proof. See Appendix B.4.5.

Proposition 2. Define Ŵ as incumbent workers’ value function after observing the firm’s
current productivity draw P , but before firms have completed endogenous exits and layoffs.
Then, Ŵ is ranked from the highest to the lowest by the following order: workers at hiring
or inactive firms (Pq < P ), quitting firms (P l < P < Pq), firms laying off workers
(Px < P < P l), and exiting firms (P < Px).

Proof. See Appendix C.1.

The intuition behind this result is as follows. Following Lemma 1, the incumbent
workers’ value Ŵ right after observing firm productivity is determined by the state-
contingent continuation utility level W̃ promised by their employer and the workers’
target utility in on-the-job search xE. As these two terms are tightly linked to each
other, through the workers’ optimality condition (3.22), firms’ choice of W̃ depends
on their desire to retain workers in the face of potential poaching by other firms.11

Therefore, expanding firms with more willingness to retain workers offer higher value
and deter poaching more successfully than contracting firms.12 Lastly, workers’ value
in unemployment is lower than the value of being employed.
Next, let the workers’ expected future value on the right hand side of (4.32) and

(4.33) denoted as E[∗′] as follows:

E[∗′] ≡E

[(
δ +

(
1− δ

)(
d′ + (1− d′)s′

))
U

+ (1− δ)(1− d′)(1− s′)

(
λf(θ(xE′

))xE′
+
(
1− λf(θ(xE′

))
)
W̃′
)]

, (4.34)

10Note that there does not exist any case in which firms find it optimal to both hire and lay off workers.
More discussion can be found in Appendix B.4.1.
11In Appendix B.2, I show that workers’ target utility in on-the-job search xE is increasing in their

promised utility W̃ in the current employer. In other words, the higher utility W̃ workers obtain from
their current employer, the higher utility xE an outsider firm needs to provide to poach them.
12This is due to the existence of vacancy costs as it is more costly to lose incumbent workers and hire

new workers.
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where d′, s′, W̃′ are the firm’s decision rules next period for exit, layoff, and the contin-
uation utility promised to the workers, and xE′ is the utility from successful on-the-job
search in the next period. Thus, the terms in [∗′] are a function of the firm’s state
variables after observing its productivity in the next period, (a + 1, P̃ ′, l′, P ′), and the
worker’s current expectation E[·] is taken with respect to the firm’s productivity P ′ in
the next period, and is formed based on workers’ current posterior beliefs about the
firm.
Proposition 2 and (4.34) imply that workers expect higher future value at firms that

are more likely to hire or stay inactive without allowing quits in the next period, which
guarantees higher stability as well as better career options to workers. This is because
these firms would not only offer higher continuation value to workers but also make
workers more ambitious when targeting their on-the-job search options. On the other
hand, if firms are expected to lose workers in the next period, either by poaching or
layoffs, workers anticipate lower future value, as these are seen as less stable and less
willing to retain workers with strong continuation utility. In other words, workers’
future expected value E[∗′] in (4.34) is higher for firms with better posterior beliefs
and less likelihood of laying off workers next period.
Given these results, one can establish the following result numerically for a broad

range of parameters.13

Result 1 (Worker’s Expected Future Value across Firm Age).

E[∗′](ay, P̃ , l, P ) ≤ E[∗′](ao, P̃ , l, P ) if P̃ > ν̄0

E[∗′](ay, P̃ , l, P ) ≥ E[∗′](ao, P̃ , l, P ) if P̃ < ν̄0, ∀ao > ay ≥ 0.

Thus, when comparing two firms with the same observable characteristics (P̃ , l, P )
but different ages, workers have lower (higher) expected future values at younger firms
if their cumulative average productivity is above (below) the cross-sectional mean.14 In
other words, for high performing firms with the same set of observable characteristics,
13Note that the Gaussian integral does not allow for analytic solutions. An analytic proof of this result

can be provided in a model assuming a simplified learning process based on a uniform distribution as in
Pries (2004), where the main mechanism works the same.
14Note that the equality holds when both firms are mature enough as the posterior converges to the

firms’ actual type.
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workers’ expected future value is lower at younger firms, while the opposite is true for
low performing firms. This is due to the limited information available about younger
firms, which makes workers pessimistic about job prospects at younger firms with high
average performance, but optimistic at younger firms with low average performance.
Result 1 holds over a broad parameter space, and the main intuition is as follows.

Note that the workers’ expected future value in (4.34) is rooted in their posterior be-
liefs about firm type, defined by (νjt, σjt), and in particular their beliefs about the next-
period productivity cutoffs and the workers’ values (contingent on firms’ hiring status)
as defined in Lemma 2. The likelihood of drawing better productivity and expanding
next period is higher for firms with better posterior beliefs, while the probability of lay-
ing off workers or exiting is higher for firms with worse posterior beliefs. Furthermore,
as discussed in Appendix D.2, productivity cutoffs are (weakly) lower for firms with
better prospects. This suggests that workers should generally perceive higher (lower)
expected value at firms having better (worse) posterior beliefs.
Applying this insight to the firm age dimension, we know from (3.7) that younger

firms have a lower (higher) posterior mean than their mature counterparts, if they
are high (low) performing. This is because the posterior mean is a weighted sum of
average performance and the initial prior mean, and a higher weight is put on average
performance for older firms, given their longer track record. Thus, the posteriormean of
older firms gets closer to the firms’ observed performance. Therefore, if two firms have
equally good performance, the posterior beliefs about the younger firm are relatively
worse than for their mature counterpart. The opposite holds for two firms having the
same low average performance.
Connecting this result with Proposition 1, firms can pay lower wages to workers all

else equal if they are more likely to hire or stay inactive in the next period, whereas they
need to pay higher wages if they have higher likelihood of losing workers by poaching or
layoffs in the next period. These wage differentials are based on differences in expected
future value due to differences in posterior beliefs. The following result shows how this
insight applies to the wages paid by young firms:

Result 2 (WageDifferentials across FirmAge). Given the firms’ state variables (P̃ , l, P ),
equilibrium current wages offered to a given type of newly hired worker (unemployed or
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poached from a given firm) satisfy the following relationship across firm age:

wtype(ay, P̃ , l, P ) ≥ wtype(ao, P̃ , l, P ) if P̃ > ν̄0

wtype(ay, P̃ , l, P ) ≤ wtype(ao, P̃ , l, P ) if P̃ < ν̄0, ∀ao > ay ≥ 0,

where type ∈ {U,E} for unemployed and poached workers, respectively. Also, given the
firms’ state variables (P̃ , l, P ) and the number of incumbent workers the firm wants to
retain (or equivalently, the promised utility W̃ to incumbent workers), equilibrium current
wages offered to incumbent workers satisfy:

winc(ay, P̃ , l, P ) ≥ winc(ao, P̃ , l, P ) if P̃ > ν̄0

winc(ay, P̃ , l, P ) ≤ winc(ao, P̃ , l, P ) if P̃ < ν̄0, ∀ao > ay ≥ 0.

This result implies that high performing younger firms need to pay higher current
wages than otherwise similar mature firms to hire or retain workers. On the other
hand, low performing younger firms can pay lower current wages than otherwise sim-
ilar mature firms.15 These age gaps are due to different job prospects across firms with
different ages and history of performance, conditional on the promised future utility x
or W̃.
Figure 1 displays workers’ expected future value (the top left panel) and the equi-

librium current wage to hire unemployed workers (in the top right panel), to poach
workers from a median firm (in the bottom left panel), and to retain incumbent work-
ers (in the bottom right panel). The figure shows the wage differentials across firms of
different ages, controlling for the workers’ previous employment status and the firms’
observable characteristics (equally-sized firms that have equal above-average produc-
tivity). This confirms that wages decline with firm age for high performing firms. The
counterparts for firms having low average productivity are displayed in Figure G.1 in
15Note that since firms are indifferent across the various labor submarkets along their indifference

curve characterized by (3.25), there can be multiple active labor submarkets in equilibrium, although
there is no systematic linkage between firm characteristics and the specific submarkets they choose. In
other words, there is no systematic pattern of sorting between firms (with heterogeneous characteristics)
and workers (with different origins from the previous period) across submarkets. The labor market
equilibrium is defined as a continuum of such submarkets, indexed by the promised utility level offered
by firms. The wage relationships discussed above hold within each submarket, implying that on average,
high performing young firms pay wage premia, while low performing young firms pay wage discounts.
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Figure 1: High Performing Firms (average size)

the Appendix.16,17

4.2 Equilibrium Employment Size

Given the wage differentials between young and mature firms, the following relation-
ship between employment levels of firms at different ages can be derived:

16For this level of performance in Figure G.1, firms above age 4 no longer operate in the economy,
while firms aged 4 and below operate and hire workers. Upon survival, younger firms pay lower wages
to either newly hired or incumbent workers. Also, the dotted grey line indicates counterfactual wages
that firms would have to pay if they continued operating, which shows that mature firms with the same
observable characteristics would have to pay higher wages to hire or retain workers. Note that this
pattern only applies to firms with low average performance.
17These figures are drawn for the baseline set of parameters calibrated in Tables 1 and 2 in the following

Section 5. As discussed earlier, these patterns are robust across different sets of parameter values.
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Result 3 (Employment Levels across FirmAge). Given the firms’ state variables (P̃ , l, P ),

l(ay, P̃ , l, P ) ≤ l(ao, P̃ , l, P ) if P̃ > ν̄0

l(ay, P̃ , l, P ) ≥ l(ao, P̃ , l, P ) if P̃ < ν̄0, ∀ao > ay ≥ 0

This result shows that high performing younger firms have weakly lower employ-
ment levels (and growth) than older firms, all else equal, while low performing younger
firms have weakly higher employment (and growth) than older firms. This result comes
through the workers’ learning and job prospects mechanism and the consequent wage
differentials associated with firm age, which directly affect the hiring and retention
margins of firms. Since high performing young firms pay higher wages relative to oth-
erwise similar mature firms, they have a lower net marginal value of employment, as the
wage premia increase the marginal cost of hiring or retaining a worker. High perform-
ing young firms also find it more beneficial to lay off workers relative to their mature
counterparts, due to the increased wages needed to retain them. On the contrary, low
performing young firms have a higher marginal value of hiring or retaining a worker
as well as a lower marginal value of laying off a worker, compared to otherwise similar
mature firms. I discuss details in Appendix D.3.

4.3 Uncertainty and Job Prospects

In this section, I discuss how the degree of uncertainty in the economy affects model
outcomes. The following proposition shows how the learning process depends on the
degree of productivity noise, σε.18

Proposition 3. If productivity noise σε increases, high performing firms have a relatively
lower posterior mean, while low performing firms have a relatively higher posterior mean,
for any given age and average observed performance. Furthermore, higher noise increases
the posterior variance for all firms.

Proof. See Appendix D.4.1.
18Recall that the dispersion of shock σε refers to the degree of noise in the economy, while the dispersion

of firm types σ0 indicates the signal level. Thus, for a given level of signal σ0, the dispersion σε measures
the degree of uncertainty in the economy. In the empirical section below, I directly estimate the noise-
to-signal ratio σε

σ0
to proxy the level of uncertainty in different industries over time.
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Proposition 3 implies that higher noise reduces the prospects at high performing
firms, while improving the prospects of low performing firms, all else equal. This is
because agents are less certain about firms’ actual type.

Proposition 4. As productivity noise σε rises, firms’ average observed productivity becomes
less informative about firms’ actual type.

Proof. See Appendix D.4.2.

Proposition 4 shows that the positive relationship in (3.7) between the average pro-
ductivity level and the posterior mean is dampened as productivity noise rises in the
economy. Both Propositions 3 and 4 imply that slow learning harms the prospects of
high performing firms.

Proposition 5. For σε

σ0
< 1, the effect of firm age on the speed of updating posteriors is

more pronounced as noise increases.19

Proof. See Appendix D.4.3.

Proposition 5 shows how the degree of noise affects the learning process at differ-
ent firm ages. As in (3.8), firm age affects learning about firm type in a different way
depending on firms’ observed performance. Specifically, firms with high average perfor-
mance have better prospects due to a higher posterior mean when they are older, while
firms with low average performance have better prospects due to a higher posterior
mean when they are younger. Furthermore, the posterior variance decreases monoton-
ically in firm age as seen in (3.9). Proposition 5 shows that as the noise level rises, such
age effects get more pronounced for σε

σ0
< 1.

Corollary 2. For σε

σ0
< 1, the difference in job prospects between otherwise similar firms

of different ages increases in the degree of noise.

Proof. See Appendix D.4.4.
19In Section 7, I externally calibrate both σε and σ0 using estimated values from the Census data.

These estimates are consistent with the assumption that σε

σ0
< 1.
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Overall, higher noise particularly harms the job prospects of young firms with high
performance. Although higher noise generally harms firms with high performance,
as shown in Propositions 3 and 4, the damage is more pronounced to young firms,
following Proposition 5 and Corollary 2. This is because the speed of updating over
the firm life cycle is dragged out as noise increases, widening the gap in job prospects
between young and mature firms.

4.4 Welfare Implications

Lastly, I discuss welfare implications of the model. I prove that the model’s decentral-
ized block-recursive allocation given the level of uncertainty is constrained efficient.
However, the decentralized allocation is distorted relative to the social optimum if the
planner could eliminate uncertainty about firm type. More discussion can be found in
Appendix E.

5 Quantitative Analysis

5.1 Calibration

I calibrate model to quarterly data for the U.S. economy from 1998Q1 to 2014Q4.
There are thirteen model parameters, where the first six are externally calibrated and
the remaining seven are internally calibrated. The model parameters are summarized
in Tables 1 and 2. I discuss data sources more fully in the next section.

5.1.1 External Calibration

I externally calibrate the parameters {β, α,N, ν̄0, σ0, σε}. I set the discount rate β to 0.99
to match a quarterly interest rate of 1.2%. I set the curvature of the revenue function α
to be 0.65, which is consistent with Cooper et al. (2007). I normalize the total number
of workers, N = 1, and the initial prior mean of firm type, ν̄0 = 0. Lastly, I estimate σ0

and σε using the LBD data described below. The results are presented in Table 1.20

20Note that σε < σ0 in the data, as assumed in Proposition 5 above.
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Table 1: Externally Calibrated Parameters

Parameter Definition Value From
β Discount factor 0.99 Interest rate (β = 1

(1+r)
)

α Revenue curvature 0.65 Cooper et. al. (2007)
N Total number of workers 1 Normalization
ν0 Initial prior on firm type mean 0 Normalization
σ0 Initial prior on firm type dispersion 0.65 LBD
σε Idiosyncratic shock dispersion 0.47 LBD

5.1.2 Internal Calibration

I internally calibrate the remaining seven parameters {b, λ, c, γ, ce, cf , δ} to jointlymatch
the following target data moments in the model’s steady state: (i) the unemployment
rate, (ii) the employment-employment (EE) job transition rate, (iii) the unemployment-
employment (UE) rate, (iv) the elasticity of the UE rate with respect to the vacancy-
employment ratio, (v) the firm entry rate, (vi) average firm size, and (vii) the young
firm rate.21

I apply the simulated method of moments (SMM) which minimizes the following
objective function over the parameter space Θ:

min
Θ

7∑
i=1

(
Mmodel

i (Θ)−Mdata
i (Θ)

0.5(Mmodel
i (Θ) +Mdata

i (Θ))

)2

,

which is the sum of squared percentage distances between the model-simulated mo-
ments {Mmodel

i (Θ)}7i=1 and their counterpart moments in data {Mdata
i (Θ)}7i=1.

Although the parameters are jointly calibrated, in the following I discuss the most rel-
evant moment for each parameter. The unemployment insurance b is set to match the
average BLS quarterly unemployment rate. The relative on-the-job search efficiency λ
is used to match average poaching separations as share of employment (the EE rate), as
measured using the Census Job to Job flows database (J2J), which is a public version of
the LEHD. To be consistent with the model, only hires with no observed interim nonem-
ployment spell (so-called within-quarter job-to-job transitions) are used to define the
21The EE rate is defined as the share of employed workers who transition to a new job in the next

period, the UE rate is defined as the share of unemployed workers who find a job in the next period, and
the young firm rate is the share of firms aged five year or less in total firms.
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Table 2: Internally Calibrated Parameters

Parameter Definition Value Targets Data Model
b Unemployment insurance 0.50 Unemployment rate 0.061 0.069
λ Relative on-the-job search efficiency 0.90 EE rate 0.033 0.032
c Vacancy cost 0.54 UE rate 0.244 0.296
γ CES matching function parameter 0.78 Elasticity of UE rate w.r.t. θ 0.720 0.674
ce Entry cost 18.57 Firm entry rate 0.089 0.089
cf Fixed operating cost 0.78 Average employment size 23.04 22.40
δ Exogenous death shock 0.01 Share of young firms 0.365 0.332
Notes: Target moments are based on literature and the author’s calculation with the BLS, BDS, and J2J data.

EE rate.22 The vacancy cost c is used to target the fraction of unemployed workers who
are hired in a quarter (the UE rate), which is calculated from BLS data as the average
ratio of unemployment-to-employment flows relative to total unemployment. The CES
matching function parameter γ is set to target an elasticity of unemployed workers’ job-
finding rate with respect to labor market tightness of 0.72, following Shimer (2005).
The firm entry rate, average employment size, and the young firm rate are calculated
from the Business Dynamics Statistics (a public version of the LBD) and are targeted to
calibrate the entry cost ce, the operating fixed cost cf , and the exogenous death shock
δ, respectively.
Note that the target moments have mixed frequency in the data. The job flow mo-

ments and unemployment rate are measured using quarterly data, while the moments
regarding firm dynamics are estimated using annual data. I calculate model moments
using model data at the same frequency as the data counterparts.

5.2 Aggregate Implications

In this section, I conduct a counterfactual analysis to draw out the aggregate implica-
tions of the job prospects mechanism, by changing the variance of productivity shocks
σε. From the baseline economy in which σε = 0.47, I increase σε to 0.58 (a one standard
deviation increase) in the counterfactual economy.23 Having a higher σε implies slower
learning due to higher noise in the economy. Therefore, there is higher uncertainty
surrounding young firms.
22This variable is named "EEHire" in the J2J database. Note that the J2J data only begins in 2000Q2.

I target the average of "EEHire" between 2000Q2 and 2014Q4.
23The standard deviation of σε estimated in the LBD is approximately 0.11.
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Table 3: Implications of Uncertainty

Description Baseline High Uncertainty % Changes
(σϵ = 0.47) (σϵ = 0.58)

Firm entry rate (%) 8.93 8.19 -8.29%
Share of young firms (%) 33.22 32.54 -2.05%
Olley-Pakes covariance 0.50 0.46 -7.84%
Aggregate productivity 1.07 0.95 -11.21%
Low performing firm share (%) 13.89 23.44 +68.75%
Average job filling rate (%) 72.10 70.89 -1.68%
Welfare 72.33 69.93 -3.32%

The quantitative counterfactual analysis adds to the analytic results on the impact of
uncertainty. First, as uncertainty rises, the wages offered by high performing firms to
both unemployed and employed workers increase, while those offered by low perform-
ing firms decline. This reduces exit of firms with low average performance. Second, as
uncertainty increases, the compensating wage differentials that high performing young
firms pay relative to their mature counterparts also increase, provided the mature firms
are old enough. This result is closely related to the previous Proposition 5 and Corollary
2, where the age effects on job prospects are amplified with higher uncertainty.
Table 3 shows how changes in σε affect macroeconomic variables at the steady state.

As there is higher uncertainty about firm type in the economy, the firm entry rate and
the startup share of employment decrease. Furthermore, resources are reallocated to-
ward low performing firms and away from high performing firms, as indicated by the
lowered covariance between firm size and productivity as in Olley and Pakes (1996).
Therefore, aggregate productivity is decreased.
Figure 2 shows the equilibrium distribution of firms across productivity and age, com-

paring the baseline and counterfactual economies. In particular, the two panels on the
top illustrate the joint distribution of firms’ cumulative average log productivity and age,
where the left panel shows the baseline economy and the right panel presents the coun-
terfactual economy. These panels show that the mass of high performing firms (those
having average productivity above zero, the cross-sectional prior mean) decreases in
the counterfactual economy compared to the baseline, while the counterpart for low
performing firms (with the average productivity below zero) increases. The same pat-
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(a) Baseline (b) Counterfactual (high uncertainty)

Cumulative Average (log) Productivity - Age

(c) Baseline (d) Counterfactual (high uncertainty)

(log) Current Productivity - Age

Figure 2: Joint Distribution of Firm Productivity and Age
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terns are featured in the joint distribution of current log productivity and age. In the
bottom panels, there is less mass of firms drawing high productivity and more firms
drawing low productivity in the counterfactual economy relative to the baseline.
The intuition behind this result is simple. As the speed of learning about firm type

slows down, the gap in job prospects between young and mature firms becomes larger.
The compensating current wage differentials that high performing young firms need
to pay workers at both the hiring and retention margins relative to otherwise similar
established firms increases. Figure 3 compares wage differentials for high performing
young firms between the baseline and counterfactual economies. Note that the wage
differentials are more pronounced for high performing young firms in the counterfac-
tual economy. The counterpart wages for low performing firms are shown in Figure G.2
in the Appendix.24

Thus, the growth of high performing young firms is dampened at both the hiring
and retention margins, while low performing young firms absorb more workers. This
increases the mass of surviving firms with low productivity. Total unemployment goes
down, because more firms survive, including potentially bad types, and this induces
higher labor market tightness and hiring costs. Consequently, the firm entry rate de-
clines and the activity of young firms with high growth potential is muted. These results
suggest that magnified uncertainty about job prospects at young firms can be a source
of declining business dynamism and lowered allocative efficiency in the economy.

6 Empirical Analysis

In this section, I use detailed firm-level and employee-employer linked data from the
U.S. Census Bureau to test the model predictions developed in the previous sections.
First, I estimate the firm productivity process in the data and empirically identify the
part of productivity from which firms and workers learn about firms’ fundamentals.
Second, I define high (or low) performing firms as those whose cumulative average
productivity is above (or below) the within-industry cross-sectional mean, and test
whether young firms with high (low) average performance pay compensating wage
24The wage discounts of young firms persist longer in the counterfactual economy. Furthermore, ma-

ture low performing firms no longer exit and continue operating in the counterfactual economy.
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Figure 3: High Performing Firms: Baseline vs. Counterfactual (higher uncertainty)
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premia (discounts) relative to their mature counterparts. Lastly, I measure the degree
of uncertainty using the cross-sectional dispersion of firm productivity residuals at the
industry level and test the effect of industry-level uncertainty on wage differentials as
well as on overall business dynamism.

6.1 Data and Measures

I construct a comprehensive dataset containing firm-level measures, worker charac-
teristics, employment records, and earnings using the Longitudinal Business Database
(LBD), Revenue-enhanced Longitudinal Business Database (RELBD), and Longitudinal
Employer Household Dynamics (LEHD) from 1998 through 2014 for the main analysis.
The LBD tracks the universe of U.S. business establishments and firms that have at

least one paid employee. It covers all sectors and geographic areas of the economy an-
nually from 1976 onward. Establishments that are owned by a parent firm are grouped
under a common firm identifier, which allows me to aggregate establishment-level ac-
tivities to the firm level. The LBD contains basic information such as employment,
payroll, NAICS codes, employer identification numbers, business name, and location.
The RELBD is a subset of the LBD that is merged with income tax filings that contain
revenue data. The LBD and RELBD enable me to calculate measures of firm size, age,
entry, exit, productivity, and employment growth.25,26

The LEHD data are constructed from quarterly Unemployment Insurance (UI) system
wage reports of states participating in the program, which collect quarterly earnings
and employment information. The data cover over 95 percent of private sector workers,
and the length of time series varies across states covered by the LEHD. I have access to
29 states covering over 60 percent of U.S. private sector employment.27

The earnings data in the LEHD are reported on a quarterly basis, which include
all forms of compensation that are taxable. The LEHD data also contain substantial
information about individual characteristics such as gender, education, age, place of
25Jarmin and Miranda (2002) and Chow et al. (2021) contain more detailed information about the

LBD, and Haltiwanger et al. (2016) provide more information on the RELBD.
26Fort and Klimek (2018) construct time-consistent NAICS codes for LBD establishments after the

implementation of a change from the SIC to NAICS in 1997 in the U.S.
27The 29 states are AL, AZ, CA, CO, CT, DE, ID, IN, KS, MD, ME, ND, NE, NJ, NM, NV, NY, OH, OK,

OR, PA, SD, TN, TX, UT, VA, WA, WI, and WY.
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birth, race, ethnicity, and history of employment. The data enableme to identify worker
heterogeneity, employment history, and job mobility. The UI data, the main source
of the LEHD, assigns firms a state-level employer identification number (SEIN) that
captures the activity of a firmwithin a state. The LEHD can be linked to the LBD through
a crosswalk between employer identification numbers (EINs) and state-level employer
identification numbers (SEINs), which allows me to track employer information for
each job.

6.1.1 Firm Characteristics and Identifiers

Following Haltiwanger et al. (2013), I define firm age as the age of the oldest establish-
ment that the firm owns when the firm is first observed in the data.28 I label firms aged
5 years or below as young firms. Firm size is measured as total employment.29 Lastly,
I measure firm-level productivity as the log of real revenue per worker in the RELBD.30

Revenue productivity in the RELBD is constructed by Haltiwanger et al. (2017), and I
normalize it to 2009 U.S. dollars.
One limitation of the LBD is the lack of longitudinally consistent firm identifiers. Al-

though the redesigned LBD has a new firm identifier that links firms across time by
correcting previous firm identifiers that are recycled in the old LBD, as described in
Chow et al. (2021), it is still not yet a true longitudinal identifier.31 However, longitu-
dinal consistency of firm identifiers is necessary for my analysis to track firms’ history
of performance as well as to estimate noise components in firm type learning process.
Therefore, I construct and use longitudinal firm identifiers from the LBD following Dent
et al. (2018). Henceforth, I will use the term “firm identifier" to refer to the longitudinal
firm identifiers constructed using this latter method.
28To be precise, I use firm age variables constructed by the Census using the method of Haltiwanger et

al. (2013), which enables me to obtain firm age for the whole sample period and avoid any left-censoring
issue.
29As a robustness check, I measure size using payroll.
30The revenue per worker is highly correlated with TFPQ within industries.
31The new firm identifiers have not yet resolved firm reorganization issues. See the discussion in Chow

et al. (2021).
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6.1.2 Firm Type Learning Process

Using firm-level revenue productivity, I estimate a firm type learning process in my
data. First, I take the deviation of firm-level log revenue productivity from its industry-
year mean, and project the demeaned log productivity on its own lag. Thus, I estimate
the following regression:

lnPjt = ρ lnPjt−1 + νj + εjt, (6.35)

where lnPjt refers to the log real revenue productivity for firm j demeaned at the
industry-year level, and νj is a firm-level fixed effect. I include the lag term lnP jt−1 to
factor out the productivity persistence observed in the data.32 Removing industry-year
means controls for the effects of fundamental industry-specific differences in technology
or production processes as well as time trends or cyclical shocks.
The underlying assumption is that firms and workers can observe the industry-by-

time means as well as the persistence in the firm-level productivity process, and filter
these out when estimating the firm’s fundamental. Therefore, they infer a firm’s type
using the remaining terms, which reflect the firm-level fixed effect νj and the residual
εjt. This is the term that I map into the model productivity estimates, which I denote
henceforth as ln P̂jt, i.e. ln P̂jt ≡ ν̂j + ε̂jt. Then, I define noise in the learning process
as the variance of the estimated residual ε̂jt from (6.35).
Next, I construct average productivity (P̃jt−1) over the firm life-cycle for each firm

using the productivity estimates (P̂jt) and longitudinal firm identifiers. To do so, I
restrict the sample to firms that have consecutively non-missing observations of ln P̂jt

from their birth. I define P̃jt−1 as follows:

P̃jt−1 ≡
∑t−1

τ=t−ajt
ln P̂jτ

ajt
, (6.36)

where ajt is the age of firm j in year t. I use ln P̂jt and P̃jt−1 in my regression analy-
sis below, where these measures represent the current productivity level and average
32This is a dynamic panel data model that includes the lagged dependent variable. To resolve the

potential endogeneity bias, I adopt the Blundell and Bond (1998) Generalized method of moments
(GMM) estimator.
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productivity in the data as in the model.
Lastly, I indicate high performing firms as those having average productivity above the

within-industry cross-sectional mean of firm-level estimated prior mean productivity:

IHjt ≡

1 if P̃jt−1 >
∑

j∈G(j,t) ν̂j

NG(j,t)

0 otherwise
, (6.37)

where NG(j,t) is the number of firms in industry G(j, t) in a given year t.33

6.1.3 Uncertainty Measure

I define the degree of uncertainty in the economy using the estimated parameters from
(6.35). I estimate the within-industry cross-sectional dispersion of ε̂jt and the fixed
effect estimates ν̂j, respectively, on a yearly basis. I denote these estimates by σ̂εgt and
σ̂0gt, respectively, for each industry g, and I use the ratio of the former to the latter to
measure industry-level uncertainty in period t, as follows:

Uncertaintygt ≡
σ̂εgt

σ̂0gt

. (6.38)

This measure is known as the “noise-to-signal” ratio in the literature. Note that the
denominator can be translated into the initial dispersion of firm fundamentals, which
captures the informativeness of signals in each industry. The ratio (6.38) indicates the
degree of uncertainty conditional on this fundamental dispersion, to take into account
the differences of the informativeness of signals across industries observed in the data.

6.1.4 Jobs and Earnings

The LEHD is at the quarterly frequency and defines a job as the presence of an individual-
employer match, with earnings defined as the amount earned from that job during the
quarter. Following previous studies, a main job is defined for each worker-quarter pair
as the job with the highest earnings. However, the LEHD does not record the start and
33As a robustness check, I also use different thresholds to define high performing firms, such as the

within-industry cross-sectional median or the within-industry-cohort mean of the estimated prior mean
productivity.
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end dates of a job, which makes the total number of weeks during that quarter un-
known. Many researchers have used only full-quarter jobs in their analysis to avoid po-
tential bias from this limitation. A full-quarter job is defined as an employer-employee
match that has positive earnings consecutively in the previous, current, and following
quarters.
I restrict my analysis to full-quarter main jobs that give the highest earnings in a given

quarter and are present for the quarter prior to and the quarter after the focal quarter.
Even after this restriction, there are some worker-quarter pairs that are associated with
multiple jobs paying the same earnings. For these observations, I pick the job that
shows up the most frequently in the worker’s job history. This leaves one main job
observation for each worker-quarter pair. All of my analysis is based on the log real
quarterly earnings associated with these jobs, normalized to 2009 U.S. dollars.

6.2 Baseline Two-stage Earnings Regression

The model predicts that equilibrium wages differ across firms depending on firm age
and the firm’s history of performance. Firm age and observable performance history
are the two sufficient statistics characterizing job prospects at the firm, and these are
the main sources generating wage differences across firms in the model. Based on the
proposed model mechanism, we should expect to see wage premia for high performing
young firms and wage discounts for low performing young firms, compared to their
mature counterparts with similar current and average productivity, holding other char-
acteristics fixed.
To test these model implications, I regress earnings on a young firm indicator, a high

performing firm indicator, and their interaction, controlling for worker fixed effects
along with time-varying worker characteristics, a measure of workers’ previous em-
ployment status (to control for workers’ outside options), firm-level observable charac-
teristics, and fixed effects for time and industry.
Note that the theoretical model abstracts from ex-ante worker heterogeneity, al-

though ex-post heterogeneity still exists in the model depending on workers’ previous
employment status, which affects wage offers provided by potential employers. In other
words, whether the worker was hired from unemployment or poached from an existing
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job matters for their current wage, as does how much they were paid at the previous
job. Prior job status matters for current wages regardless of the current firm’s unob-
served fundamentals or observed performance. Thus, I control for either the previous
employer’s firm fixed effect or the worker’s previous earnings at the previous employer.
I also control for an indicator for whether a worker was unemployed in the previous
period.
Using these controls, I can estimate how firms pay workers across different ages

and how the required compensation depends on workers’ job prospects at the firm (as
characterized by firm age and average productivity), all else equal.
I operationalize my empirical strategy using a two-stage regression. In the first stage,

I use workers’ full-quarter earnings in a given year and estimate worker and year fixed
effects, controlling for time-varying worker characteristics. I subtract these fixed effects
to get earnings residuals. I estimate this baseline regression at the worker-year level,
using Q1 full-quarter earnings as the observation for each year.34

In the second stage, I regress the earnings residuals on the young firm indicator, the
high performing firm indicator and their interaction, controlling for the worker’s previ-
ous employment status and the current firm’s time-varying characteristics, demeaned
by industry and state. As a baseline, I control for the worker’s previous employment
status, using the AKM firm fixed effect estimate for the previous employer and a dummy
indicating if the worker was not employed in the previous period.35

6.2.1 Stage 1: Estimating Earnings Residuals

In the first stage, I estimate earnings residuals controlling for worker and year fixed
effects along with worker age, as follows:

yit = δi + ηt + Xitγ + ϵit, (6.39)

where yit is the logarithm of the Q1 earnings of individual i in year t, δi is a time-
invariant individual effect, ηt is a year effect, andXit is a vector of controls for individual
34Following the literature, I use the first quarter value of the full-quarter main jobs as a baseline. As

robustness checks, I also use the second, third, and fourth quarter values.
35The AKM firm fixed effect is the firm fixed effect obtained from estimating the standard two-way

fixed-effect framework in my data, following Abowd et al. (1999).
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age, using quadratic and cubic polynomials centered around age 40, following Card et
al. (2016), Crane et al. (2018), and Haltiwanger et al. (2021). In order to estimate the
fixed effects, I implement the iterative algorithm proposed by Guimaraes and Portugal
(2010). The algorithm helps to estimate a model with high-dimensional fixed effects
without explicitly using dummy variables to account for the fixed effects.

6.2.2 Stage 2: Wage Differentials across Firm Age and Performance

In the second stage, I use the estimated earnings residuals from (6.39) as the main
dependent variable. I regress the earnings residuals ϵ̂it on the young firm dummy and
the high performing firm dummy in (6.37), along with their interaction. Recall that
the high performing firm dummy in year t is based on the firm’s historical productivity
through period t− 1.
Following the discussion above, I control for workers’ previous employment status.

I identify workers’ previous jobs, which are also restricted to full-quarter main jobs.
Following Haltiwanger et al. (2018), I can identify workers’ previous job using a with-
in/adjacent quarter approach, which allows for a brief nonemployment period between
workers’ last day on the previous job and their first day on the contemporaneous job.
Therefore, workers are identified as previously employed if they had at least one full-
quarter job within the most recent three quarters before t, while they are identified
as non-employed if they had no full-quarter jobs within those three quarters.36 For
those workers previously employed before period t, their previous job is identified as
the most recent full-quarter main job within the three most recent quarters before t,
and the employer of that job is denoted by j(i, t− 1).
Next, I run a standard two-way fixed-effect regression model as in Abowd et al.
36Note that restricting the sample to full-quarter main jobs makes use of the three-quarter duration to

define previous jobs. For notational convenience, let (t− q1) denote the quarter prior to t, and (t− q2)
denote two quarters prior to t, and so on. If a worker had any full-quarter jobs at either (t−q1) or (t−q2),
this implies that the worker must have moved to the contemporaneous job within quarter (t− q1). The
latter could happen if the worker had some overlapping period between (t−q1) and t in job transition. If
a worker had any full-quarter jobs at (t−q3), this means that the worker must have left the job at (t−q2),
had a brief nonemployment period between (t− q2) and (t− q1), and joined the contemporaneous job
at (t− q1). Alternatively, the within quarter approach identifies workers as previously employed if they
had at least one full-quarter job within the latest two quarters before t, where the previous job is defined
by the most recent main full-quarter job within the most recent two quarters before t.
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(1999) to estimate firm fixed effects on earnings.37 I control for the fixed effect for
the firm where worker i was employed in the previous period, i.e. j(i, t− 1) defined as
above. For workers who were non-employed in the previous period, i.e. those who had
no full-quarter earnings in any of the most recent three quarters before t, I set their
previous employer fixed effect to zero and include a dummy variable for nonemploy-
ment.
Equation (6.40) presents the second stage regression, where the main coefficients of

interest are β1 and β2, which capture the earnings differentials associated with young
firms depending on their average performance.

ϵ̂it = β1Y oungj(i,t)t + β2Y oungj(i,t)t × IHj(i,t)t + β3IHj(i,t)t + Zj(i,t)tγ1 + Zj(i,t−1)γ2

(6.40)

+ µG(j(i,t)) + µS(j(i,t)) + α + ξit

The regression is at the worker-year level, where ϵ̂it is the earnings residual of worker
i in a given year t, j(i, t) is the employer where worker i is employed at t, Y oungj(i,t)t

is the young firm indicator for firm j(i, t), IHj(i,t)t is the high performing firm indicator
for firm j(i, t), Zj(i,t)t is a vector of controls for time-varying properties of firm j(i, t),
and Zj(i,t−1) is a vector of controls for the worker’s employer in the previous period.
To be consistent with the model, I include average productivity, current productivity,
and employment size of firm j(i, t) in Zj(i,t)t. For Zj(i,t−1), as a baseline, I use the AKM
firm fixed effect associated with the worker’s previous employer along with the non-
employment indicator. Lastly, the regression includes industry fixed effects µG(j(i,t)) and
state fixed effects µS(j(i,t)), where G(j(i, t)) is the industry that the firm belongs to and
S(j(i, t)) is the state where the firm is located.
Note that the firm variables have the same values across all workers employed at that

firm at t (i.e., workers employed at the SEINs associated with the same firm identifier).
The novelty in (6.40) comes from the coefficients β1 and β2, which capture how firms
with a given set of observable characteristics pay differently by firm age, and how the
37Note that the baseline fixed effect is estimated at the SEIN level. As a robustness check, I also use

the fixed effects estimated at the (longitudinally consistent) firm identifier level.
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Table 4: Wage Differentials for Young Firms

(1) (2)
Earnings Earnings
Residuals Residuals

Young firm -0.002*** -0.003***
(0.001) (0.001)

Young firm × High performing firm 0.015*** 0.016***
(0.001) (0.001)

High performing firm 0.002 0.002
(0.001) (0.001)

Observations 50,170,000 50,170,000
Fixed effects Industry, State Industry, State
Controls Full (current size) Full (lagged size)

Notes: The table reports results for regression of earning residuals on young firm and high
performing firm indicators. Firm controls include cross-time average productivity level,
current productivity level, and log employment size. Controls associated with worker’s
previous employment status are AKM firm fixed effect associated with the previous em-
ployer and a dummy for non-employed workers in the previous period. Observation
counts are rounded to the nearest 10,000 to avoid potential disclosure risks. Estimates
for constant, industry, state fixed effects, the coefficient of the indicator for worker’s pre-
vious non-employment status are suppressed. Observations are unweighted. * p < 0.1,
** p < 0.05, *** p < 0.01.

effect of age on wages depends on the firm’s history of performance.
Table 4 presents the regression results with the full set of controls, which are consis-

tent with the model predictions. For the sake of space, I only present the main coeffi-
cients; the full results can be found in Table H8 in Appendix. The first column controls
for the current value of firm size and the second column uses the lagged value of firm
size. Both columns include industry (NAICS6) and state fixed effects.
According to the model, there are wage differentials associated with young firms that

depend nonlinearly on firms’ historical performance: young firms pay more (less) than
their mature counterparts only if these firms’ average productivity is above (below)
the industry cross-sectional mean. The underlying mechanism is that workers are not
confident about young firms’ fundamentals due to their limited information, so that
their beliefs are less precise and more uncertain.
In the regression, the impact of being a young firm on earnings depends on β1 and

β2IHj(i,t)t, and the total impact depends on whether the observed average productivity
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P̃j(i,t) is below or above the industry mean. For low performing firms, the wage differen-
tial for young firms is given by β1. For high performing firms, the wage differential for
young firms is given by β1+β2. Table 4 shows that β̂1 < 0, β̂2 > 0, and β̂1+β̂2 > 0, where
all of these point estimates are statistically significant. The results indicate that high
performing young firms pay more than their otherwise similar mature counterparts,
while low performing young firms pay less. This finding supports the model prediction
about young firms’ wage differentials attributed to workers’ uncertain job prospects.

6.3 Robustness Checks

To further confirm the validity of the baseline results, I perform several robustness
checks, with results reported in Appendix I.

6.3.1 Firm Size Effects

The baseline regression controls for firm size. However, firm size is highly correlated
with firm age, and the firm size distribution varies by different firm age. For instance,
most young firms are small in the U.S. economy. This may cause the size covariate to
absorb firm age effects in themain regression. To check this possibility, I run regressions
without controlling for firm size and using different sets of firm controls. Results are
similar to the benchmark case, as shown in Appendix Table I10.

6.3.2 Correcting Sample Selection Bias

Another potential source of bias in the current analysis is sample selection. The current
sample is drawn from the population of U.S. firms having consecutively non-missing
observations of revenue data in the RELBD, and workers matched with these firms.
Therefore, the sample drops firms with missing revenue data. To mitigate the possi-
ble resulting selection bias, I estimate a propensity score model using logistic regres-
sions and weight the baseline regression sample with inverse propensity score weights.
Following Haltiwanger et al. (2017), I use logistic regressions with a dependent vari-
able equal to one if the firm belongs to the current sample and zero otherwise, along
with firm characteristics such as firm size, age, employment growth rate, industry, and
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a multi-unit status indicator from the universe of the LBD. Using inverse probability
weights calculated from the predicted values from the logistic regression, I weight the
sample and rerun the regressions. The results are documented in Appendix Table I11,
and are similar to the baseline results.

6.3.3 Standard Error Bootstrapping

The high performing firm indicator as well as firm control variables in the second-
stage regression are constructed based on estimates from the regression in (6.35). This
might cause the reported standard errors in Table 4 to be incorrect. To address this, I
estimate the standard errors with bootstrapping and check the robustness of the results.
To do so, I draw 5000 random samples with replacement repeatedly from the main
dataset, estimate the main coefficients corresponding to these bootstrap samples, form
the sampling distribution of the coefficients, and calculate the standard deviation of the
sampling distribution for each coefficient. Appendix Table I12 lays out the results. The
statistical significance of the main coefficient estimates stays robust across all columns.

6.3.4 Workers’ Previous Employment Status

In the current specification, I control for workers’ previous employment status using
the AKM firm fixed effect for the previous job. Note that using the AKM fixed effect
might be a conservative way to control for the worker’s previous employment status. In
the model, the equilibrium wages at both the hiring and retention margins (eventually)
only depend onwhether workers came from the unemployment pool, from an employer
that wanted to expand or stay inactive, or from an employer that cut back on their size.
Thus, another potential proxy to control for the worker’s previous job and their place
on the job ladder in the previous period would be the earnings associated with the
previous employer (still also controlling for the non-employment status indicator).
Another reason for using earnings on the previous job is to control for workers’ un-

observed time-varying characteristics, which could be associated with the current em-
ployer’s age or average performance regardless of the job prospects channel. For in-
stance, high performing young firms might demand workers with more experience than
their mature counterparts given the burden of training costs. Therefore, even control-
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ling for where workers came from, high performing young firms might hire workers
with longer tenure (which is highly correlated with earnings) at their previous em-
ployer. This scenario could provide an alternative interpretation of the main finding of
earnings premia associated with high performing young firms, which has nothing to do
with the uncertain prospects provided by the firms.
The results controlling for earnings on the previous job are shown in Appendix Table

I13, where the first three columns replace the AKM firm fixed effect with the worker’s
previous earnings, and the next three columns use both variables to control for the
worker’s previous employment status properly. The baseline results stay robust in all
cases.

6.4 The Impact of Uncertainty on Wages and Aggregate Outcomes

This section tests the model’s implications about the effect of uncertainty on young firm
earnings differentials and macroeconomic outcomes related to business dynamism.

6.4.1 Cross-sectional Implications on Wage Differentials

In the model, higher uncertainty drags out the speed of learning for young firms, as ob-
servable firm performance becomes less informative about fundamentals. Thus, higher
noise implies that more time is required to obtain enough information to gain a given
level of confidence. This can have potentially adverse effects on young firms with high
potential, whose performance in each period has a high marginal effect on beliefs and
wage differentials.
In order to test this implication, I add additional interaction terms involving the

industry-level uncertainty measure (6.38) to the baseline earnings regression, as fol-
lows:

ϵ̂it = β1Y oungj(i,t)t + β2Y oungj(i,t)t × IHj(i,t)t + β3Y oungj(i,t)t × Uncertaintygt−1

+ β4Y oungj(i,t)t × IHj(i,t)t × UncertaintyG(j,t)t−1 + β5Uncertaintygt−1

+ β6IHj(i,t)t × Uncertaintygt−1 + β7IHj(i,t)t + Zj(i,t)tγ1 + Zj(i,t−1)γ2

+ µG(j(i,t)) + µS(j(i,t)) + α + ξit, (6.41)
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Table 5: The Effect of Uncertainty on Young Firms’ Wage Differentials

(1) (2)
Earnings Earnings
Residuals Residuals

Young firm -0.001 -0.002
(0.002) (0.002)

Young firm × High performing firm 0.003 0.005**
(0.002) (0.002)

Young firm × Uncertainty -0.005** -0.004*
(0.002) (0.002)

Young firm × High performing firm × Uncertainty (at t− 1) 0.016*** 0.015***
(0.003) (0.003)

Observations 50,170,000 50,170,000
Fixed effects Sector, State Sector, State
Controls Full (current size) Full (lagged size)

Notes: The table reports results for regression of earning residuals on young firm, high performing firm indicators,
and the uncertainty measure. Firm controls include cross-time average productivity level, current productivity
level, and log employment size. Controls associated with worker’s previous employment status are AKMfirm fixed
effect and a dummy for non-employed workers in the previous period, associated with the previous employer
to capture time-varying components. Observation counts are rounded to the nearest 10,000 to avoid potential
disclosure risks. Estimates for constant, sector and state fixed effects, and the coefficient of the indicator for
worker’s previous non-employment status are suppressed. * p < 0.1, ** p < 0.05, *** p < 0.01.

where UncertaintyG(j,t)t−1 is the lagged value of the uncertainty measure in (6.38) for
the main industry that firm j(i, t) is associated with in year t. Note that I use lagged
values to avoid any potential reverse causality. In this case, I define µG(j(i,t)) as sectoral
rather than industry fixed effects, where each sector is defined at the NAICS2 level. The
regression can help capture how the wage differentials associated with high performing
young firms vary across different industries with different levels of uncertainty.
As before, Table 5 displays the main regression results, using the current and lagged

value of firm size in the first and second columns, respectively. The full results are pro-
vided in Appendix Table H9. The table shows that the coefficient estimate of the triple
interaction term between the young firm indicator, the high performing firm indicator
and the uncertainty measure is positive, i.e. β4 > 0, which is consistent with the model
prediction that higher uncertainty increases the wage premium that high performing
young firms need to pay. Furthermore, the coefficient estimate for the interaction be-
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tween the young firm indicator and the uncertainty measure is negative, i.e. β3 < 0,
which is consistent with the model result that the wage discount for low performing
young firms gets larger as uncertainty rises.

6.4.2 Macroeconomic Implications

Next, I test the model’s predictions regarding the effect of uncertain job prospects on
overall business dynamism and aggregate productivity. The calibrated model predicts
that more uncertainty will reduce firm entry and young firm activity by slowing down
learning and selection. To test these predictions, I estimate the following industry-level
regression:

BusinessDynamismgt = βUncertaintygt−1 + δg + δt + ϵgt, (6.42)

where BusinessDynamismgt is either the firm entry rate, the share of young firms,
the share of high-growth young firms, the employment share of young firms, the em-
ployment share of high-growth young firms, or the average employment growth rate of
high-growth young firms at the industry level (industry g) in a given year t. Here, high-
growth firms are those above the 90th percentile of the industry employment growth
distribution, and high-growth young firms are high-growth firms aged five years or less.
Industry is defined at the NAICS4 level. As before, I use lagged values of uncertainty.
The regression takes out industry and year fixed effects, δg and δt, respectively.
Table 6 displays the results. Uncertainty has a negative and significant impact on

the firm entry rate, as well as the share and employment share of young firms and
high-growth young firms. The employment growth rate of high-growth young firms
is also dampened when uncertainty rises. This shows that there is a negative associ-
ation between uncertainty and business dynamism at the industry level, which holds
consistently across different measures of young firm activity.
Next, I examine whether trends in industry-level uncertainty can account for the

aggregate trend of declining business dynamism observed in recent decades. I extract
year fixed effects for my measures of uncertainty and business dynamism using the
following regressions:
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Table 6: Aggregate Implications of Uncertainty

(1) (2) (3)
Entry rate Young firm Young firm

share emp. share
Uncertainty (at t− 1) -0.011*** -0.050*** -0.021***

(0.004) (0.008) (0.008)
Observations 4,300 4,300 4,300
Fixed effects Industry, Year Industry, Year Industry, Year

(4) (5) (6)
HG young firm HG young firm HG young firm

share emp.share avg. emp. growth
Uncertainty (at t− 1) -0.028*** -0.012*** -0.029***

(0.005) (0.003) (0.008)
Observations 4,300 4,300 4,300
Fixed effects Industry, Year Industry, Year Industry, Year

Notes: The table reports results for regression of young firm activities in each column on the lagged
value of the uncertainty at the industry level. Observation counts are rounded to the nearest 100 to
avoid potential disclosure risks. Estimates for constant, industry and year fixed effects are suppressed.
Observations are unweighted. * p < 0.1, ** p < 0.05, *** p < 0.01.

BusinessDynamismgt = δBD
g + δBD

t + αBD + εBD
gt (6.43)

Uncertaintygt = δUg + δUt + αU + εUgt, (6.44)

where δBD
g and δUg are industry fixed effects, and δBD

t and δUt are year fixed effects, for
each measure of business dynamism and uncertainty, respectively.
Let δ̂BD

t and δ̂Ut denote the year fixed effects estimated from (6.43) and (6.44), re-
spectively, which capture the aggregate time trends of business dynamism and uncer-
tainty common to all industries. Next, I run the following regression to capture how
the common year effect of uncertainty is associated with the common year effect of
business dynamism:

δ̂BD
t = βδ̂Uncertainty

t−1 + α + ϵt, (6.45)

where I use the lagged value of the uncertainty year effect as before.
The results are shown in Table 7. In each column, I find a negative and statistically

significant effect of the uncertainty year effects on the business dynamism year effects.

55



Table 7: Correlation between Year Fixed Effects of Uncertainty and Busienss Dynamism

(1) (2) (3)
Entry rate Young firm Young firm

share employment share
Uncertainty (at t− 1) -0.083*** -0.215* -0.144**

(0.022) (0.115) (0.067)
Observations 20 20 20

(4) (5) (6)
High-growth High-growth High-growth
young firm young firm young firm
share employment share average employment growth

Uncertainty (at t− 1) -0.086*** -0.021* -0.180***
(0.026) (0.010) (0.051)

Observations 20 20 20

Notes: The table reports results for regression of year fixed effects associated with young firm activities
in each column on lagged year fixed effects of the industry-level uncertainty. Observation counts are
rounded to the nearest 10 to avoid potential disclosure risks. Estimates for constant are suppressed.
Observations are unweighted. * p < 0.1, ** p < 0.05, *** p < 0.01.

Overall, the evidence in this section suggests that higher uncertainty (relative to the
initial informativeness of firm fundamentals) can hamper young firm activity, particu-
larly for high-growth young firms, and can reduce business dynamism at the aggregate
level, which is consistent with the model’s macroeconomic implications.

7 Conclusion

In this paper, I study how workers’ job prospects affect the potential growth of young
firms, as well as overall young firm activity and aggregate productivity. I propose that
workers’ uncertain prospects at young firms can create hiring frictions for young firms
with high potential by increasing wages and hiring costs. This paper develops a rich
theoretical framework to understand wage differentials at young firms, and how such
differentials create a barrier for high-potential young firms to grow.
Through this mechanism, the counterfactual analysis implies that rising uncertainty

about young firms can dampen the growth of high performing young firms, redirect la-
bor inputs to low performing young firms, and reduce business dynamism in the econ-
omy. This mechanism operates in part through higher market tightness as well as rising
overall hiring costs caused by the increase in uncertain prospects about young firms.
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Overall, the model can provide a basis for understanding young firm wage dynamics
and growth, generated by the inherent nascency and uncertainty surrounding young
firms.
Furthermore, this paper finds empirical evidence consistent with the model implica-

tions using micro-level administrative data from the U.S. Census Bureau. Guided by
the model, I identify the part of inter-firm earnings differentials for young firms that
can be attributed to workers’ learning and uncertain job prospects. Consistent with
the model, I find that high (low) performing young firms need to pay higher (lower)
earnings relative to their observationally identical mature counterparts. Moreover, I
measure industry-level uncertainty using the cross-sectional dispersion of innovations
to firm productivity, and find that the earnings differentials of young firms increase in
industries having higher level of uncertainty. Lastly, I construct a set of industry-level
business dynamism measures and regress them on industry-level uncertainty, and find
a negative association between uncertainty and business dynamism at the industry-
by-time level. In particular, I find that higher uncertainty hampers firm entry and
(high-growth) young firm activity, which is consistent with the model’s macroeconomic
implications.
To the best of my knowledge, this paper is the first to offer a theory as well as evidence

about how workers’ uncertain job prospects generate wage differentials for young firms
relative to otherwise similar mature firms. The paper develops a rich structural model
that provides a novel channel that endogenously generates wage differentials for young
firms that depend on firms’ average productivity. Furthermore, the paper quantifies and
highlights the importance of this channel by drawing out its implications for aggregate
business dynamism and productivity.
There are several directions in which the current work can be extended. First, one

could incorporate aggregate shocks to explore how the job prospects channel affects
the cyclical dynamics of young firms. It is well documented that young firm activity is
procyclical and that young firms are hit harder thanmature firms during recessions. The
main mechanism of my paper can potentially provide an explanation for the differential
cyclicality of young firm activity. If the economy is in a downturn and there is higher
uncertainty about finding a job, the costs of job loss should increase. Thus, workers
may value stability more in recessions, which would reduce the value of working at
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young firms in general. In addition, if the degree of noise rises in recessions, learning
would slow down and the uncertain prospects at young firms could be magnified. Thus,
the wage differentials of young firms could be more pronounced in recessions. I find
preliminary empirical evidence that supports this hypothesis.
Furthermore, one could introduce risk aversion and worker heterogeneity to the

model. The current model abstracts from risk aversion components for tractability.
Once risk aversion is added, there will be another source of wage differentials for young
firms attributed to risk premia. Also, workers may have different outside options or
opportunity costs that would affect their willingness to work at young firms. These
differences could be correlated with worker age or skill.38 Considering worker hetero-
geneity could enrich our understanding of the job prospects channel and its impact on
potential young firm growth and business dynamism through the effects of sorting be-
tween firms and workers. This mechanism could potentially create a linkage between
workforce composition and business dynamism in the economy. These extensions are
left as interesting avenues for future research.

38For instance, younger workers have more potential job opportunities in the event that their current
job is destroyed and can be more risk tolerant of taking a job.
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Appendix A Bayesian Learning

Suppose that initial prior is νj ∼ N(ν̄0, σ
2
0), and there is an observation of lnPjt = νj + εjt such

that εjt ∼ N(0, σ2
ε), lnPjt|νj ∼ N(ν̄0, σ

2
0 + σ2

ε). Following the Bayes’ rule,

f(νj | lnPjt) ∝ f(νj)f(lnPjt|νj),

we have:

f(νj | lnPjt) ∝ f(νj)f(lnPjt|νj) =

(
1√
2πσ2

0

exp

(
− (νj − ν̄0)

2

2σ2
0

))(
1√
2πσ2

ε

exp

(
− (lnPjt − νj)

2

2σ2
ε

))

∝

(
1√

2πσ2
0σ

2
ε

exp

−

(
νj −

(
σ2
ε ν̄0+σ2

0 lnPjt

σ2
ε+σ2

0

))2
2

σ2
0σ

2
ε

σ2
ε+σ2

0

),
which implies that

f(νj| lnPjt) ∼ N

(
σ2
ε ν̄0 + σ2

0 lnPjt

σ2
ε + σ2

0

,
σ2
0σ

2
ε

σ2
ε + σ2

0

)
.

Appendix B Derivation of the Stationary Recursive Com-

petitive Equilibrium

B.1 Matching Function and Labor Market Tightness

Based on the CES matching function and the job finding and filling rates (3.26), (3.27)
in the main text, the firm’s complementary slackness condition (3.24) can be rewritten
as follows:

θ(x)

(
c

(1 + θ(x)γ)−
1
γ

+ x− κ

)
= 0.

Thus, for active market x, such that θ(x) > 0,

θ(x) =
((κ− x

c

)γ − 1
) 1

γ

,

and this holds for x in the range of x < κ − c. On the other hand, if x ≥ κ − c, this market is
inactive, and we have θ(x) = 0. Therefore, (3.28) is proved.
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B.2 Workers’ Problem

B.2.1 Unemployed Workers

Using the job finding rate (3.26), the unemployed workers’ problem can be simplified as follows:

max
xU

θ(xU )(1 + θ(xU )γ)−
1
γ
(
xU −U

)
.

The first-order condition with respect to xU gives

θ(xU ) +
1

(1 + θ(xU )γ)
θ′(xU )

(
xU −U

)
= 0.

Using (3.28), if xU < κ− c, the following holds:

θ(xU ) =
(
(
κ− xU

c
)γ − 1

) 1
γ

Plugging it back to the unemployed workers’ first-order condition, the following can be derived:

xU = κ− (cγ(κ−U))
1

1+γ . (B.46)

The result shows that xU is constant with respect to firms’ state variables. This is because
unemployed workers have no heterogeneity (both ex-ante and ex-post) and thus all choose the
same market to search.
Thus,

θ(xU ) =


(
c−

γ
1+γ (κ−U)

γ
1+γ − 1

) 1
γ if xU < κ− c

0 if xU ≥ κ− c,

and

f(θ(xU )) =


(
c−

γ
1+γ (κ−U)

γ
1+γ − 1

) 1
γ
(
c−

1
1+γ (κ−U)

1
1+γ

)
if xU < κ− c

0 if xU ≥ κ− c,

which implies that if xU ≥ κ− c, the market xU is inactive and workers remain unemployed.
Furthermore, U is a fixed point of the following equation:

U = b+ β

(
U+max

[
0,
(
c−

γ
1+γ (κ−U)

γ
1+γ − 1

) 1
γ
(
c−

1
1+γ (κ−U)

1
1+γ

)(
κ− (cγ(κ−U))

1
1+γ −U

)])
.
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B.2.2 Employed Workers

In a similar fashion, the employed workers’ problem can be solved, and a similar solution for
xE(a, P̃ , l, P ) can be obtained for workers employed at a firm having (a, P̃ , l, P ). That is, given
the promised utility W̃(a, P̃ , l, P ) offered by the firm, the workers will direct their on-the-job
search to:

xE(a, P̃ , l, P ) = κ− (cγ(κ− W̃(a, P̃ , l, P )))
1

1+γ , (B.47)

as far as themarket is active, i.e. xE(a, P̃a−1, l, P ) < κ−c. This depends onworkers’ opportunity
cost of moving to other firms, which is a function of the current employer’s state variables. xE is
increasing in the workers’ opportunity cost W̃, which means that the higher utility W̃ workers
receive from their current employer, the higher utility xE another firm needs to deliver to poach
them successfully. In other words, workers only climb up to a labor market that provides higher
utility than what they currently have, which captures the standard job ladder property in a
directed search framework.
Notably from the solutions (B.46) and (B.47), firms’ promised utility to both unemployed and

employed workers in the search market does not depend on recruiting firms’ characteristics, but
rather only on workers’ employment status. In other words, workers are not indifferent across
active submarkets, and search in a specific submarket that provides a certain promised utility
(at least equal to or above their outside options) upon successful job match, while firms are
indifferent across active submarkets in equilibrium.
Also, the equilibrium market tightness and job finding rate for the market xE are derived as

follows:

θ(xE(a, P̃a−1, l, P )) =


(
c−

γ
1+γ (κ− W̃(a, P̃ , l, P ))

γ
1+γ − 1

) 1
γ if xE < κ− c

0 otherwise,

and

f(θ(xE)) =


(
c−

γ
1+γ (κ− W̃(a, P̃ , l, P ))

γ
1+γ − 1

) 1
γ
(
c−

1
1+γ (κ− W̃(a, P̃ , l, P ))

1
1+γ

)
if xE < κ− c

0 if xE ≥ κ− c.

B.3 Joint Surplus Maximization
Using Lemma 1 and substituting out {wi

jt}i in (3.13), I have:

J(ajt, P̃jt−1, ljt−1, Pjt,Ω
−w
jt−1)

66



= max
Ω−w

jt ={djt+1,sjt+1,W̃jt+1},
xjt,hjt

Pjtl
α
jt − xjthjt −

c

q(θ(xjt))
hjt − W̃jt(1− sjt)(1− λf(θ(xE

jt)))ljt−1 − cf

+ βEjt

[
(1− δ)(1− djt+1)

(
J(ajt+1, P̃jt, ljt, Pjt+1,Ω

−w
jt ) + (1− sjt+1)λf(θ(x

E
jt+1))x

E
jt+1ljt

+ W̃jt+1(1− sjt+1)(1− λf(θ(xE
jt+1)))ljt

)
+
(
δ + (1− δ)(djt+1 + (1− djt+1)sjt+1)

)
Ut+1ljt

]
,

(B.48)

subject to (3.14), (3.15), and (3.16). For notation, I use Ω−w
jt to denote the contract abstracting

from the wage {wi
jt}i. Note here that the problem can be solved without the participation

constraint first, and one can prove that the solution satisfies the participation constraint. Also,
using the incentive constraint, the problem can be rephrased as the firm choosing xEjt+1 and
pinning down W̃jt+1 indirectly. In other words, the firm indirectly controls the job-hopping
rate λf(θ(xEjt+1)) by taking into account the workers’ optimal job search behavior and offers
W̃jt+1 backed out from the worker’s incentive constraint. Following this, once the solution is
obtained, I prove in section C.1 that the participation constraint holds.
Reformatting (B.48) to be at the production stage after search and matching, the firm value

function can be rewritten as:

Jprod(ajt, P̃jt−1, ljt, Pjt,Ω
−w
jt−1)

= max
Ω−w

jt ={djt+1,sjt+1,W̃jt+1},
xjt+1,hjt+1

Pjtl
α
jt − xjthjt − W̃jt(1− sjt)(1− λf(θ(xE

jt)))ljt−1 − cf

+ βEjt

[
(1− δ)(1− djt+1)

(
Jprod(ajt+1, P̃jt, ljt, Pjt+1,Ω

−w
jt )−

(
xjt+1 +

c

q(θ(xjt+1)

)
hjt+1

+ (1− sjt+1)λf(θ(x
E
jt+1))x

E
jt+1ljt + W̃jt+1(1− sjt+1)(1− λf(θ(xE

jt+1)))ljt

)
+
(
δ + (1− δ)(djt+1 + (1− djt+1)sjt+1)

)
Ut+1ljt

]
, (B.49)

LetVprod
jt ≡ Jprod

jt +xjthjt + W̃jt(1− sjt)(1− λf
(
θ(xEjt)))ljt−1 be the joint surplus of the firm

and its workers at the production stage. Using this and rewriting (B.48), I obtain:

Vprod(ajt, P̃jt−1, ljt, Pjt) = max
djt+1,sjt+1,xjt+1,xE

jt+1,hjt+1

Pjtl
α
jt − cf

+ βEjt

[
(1− δ)(1− djt+1)

(
Vprod(ajt+1, P̃jt, ljt+1, Pjt+1)−

(
xjt+1 +

c

q(θ(xjt+1))

)
hjt+1

+ (1− sjt+1)λf(θ(x
E
jt+1))x

E
jt+1ljt

)
+
(
δ + (1− δ)

(
djt+1 + (1− djt+1)sjt+1)

)
Ut+1ljt

]
, (B.50)
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subject to (3.14), (3.15) and (3.16). The firm’s original profit maximization can be fully repli-
cated by the joint surplus maximization in (B.50), given that the last two terms definingVprod,
xjthjt and W̃jt(1−sjt)(1−λf(θ(xEjt)))ljt−1, are predetermined so that maximizingVprod gives
the same results as maximizing Jprod

jt and thus Jjt. Furthermore, using (B.50) simplifies the set
of state variables in Jjt and increases tractability. Lastly, (3.17) and (3.18) (assumed to hold
with equality) characterize the equilibrium wages that the firm needs to pay {wi

jt}i.
In a similar fashion, the free-entry condition (3.19) can be rephrased as follows:

∫
max

de
jt,l

e
jt,x

e
jt

[
(1− dejt)

(
Vprod(0, 0, lejt, Pjt)− xe

jtl
e
jt −

c

q(θ(xe
jt))

lejt

)]
dFe(Pjt)− ce = 0. (B.51)

B.4 Firms’ Decision Rules
As discussed in the previous section, the firm profit maximization can be replicated by the
following joint surplus maximization problem:

Vprod(ajt, P̃jt−1, ljt, Pjt)

= max
djt+1,sjt+1,hjt+1,xE

jt+1

Pjtl
α
jt − cf + βEjt

[
δUt+1ljt + (1− δ)

(
djt+1 + (1− djt+1)sjt+1

)
Ut+1ljt

+ (1− δ)(1− djt+1)
(
Vprod(ajt+1, P̃jt, ljt+1, Pjt+1)− κhjt+1 + (1− sjt+1)λf(θ(x

E
jt+1))x

E
jt+1ljt

)]
.

Given that choice variables are contingent on future productivity, it can be transformed with
the following value function defined at the beginning of each period, Vinit

t :

Vinit(ajt, P̃jt−1, ljt−1, Pjt) = max
djt,sjthjt,xE

jt

δUtljt−1 + (1− δ)(djt + (1− djt)sjt)Utljt−1

+ (1− δ)(1− djt)
(
Pjtl

α
jt − cf − κhjt + (1− sjt)λf(θ(x

E
jt))x

E
jtljt−1 + βEjtV

init(ajt+1, P̃jt, ljt, Pjt+1)
)

subject to ljt = hjt+(1−sjt)(1−λf(θ(xEjt)))ljt−1. This can also rephrase the free-entry condition
as follows:∫

max
de
jt,l

e
jt

(1− dejt)
(
Pjt(l

e
jt)

α − cf − κlejt + βEjtV
init(1, lnPjt, l

e
jt, Pjt+1)

)
dFe(Pjt)− ce = 0. (B.52)

Note that this value function has the following relationship with the firm’s original value func-
tion in the main text (B.48):

Vinit(ajt, P̃jt−1, ljt−1, Pjt) =
(
δ + (1− δ)

(
djt + (1− djt)sjt

))
Utljt−1

+ (1− δ)(1− djt)(1− sjt)
(
λf(θ(xE

jt))x
E
jt + W̃jt(1− sjt)(1− λf(θ(xE

jt)))
)
ljt−1

+ (1− δ)(1− djt)J(ajt, P̃jt−1, ljt−1, Pjt,Ωjt−1), (B.53)
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where the first two lines are the workers’ future expected value as of the previous period, and the
last line is the firm’s value (3.13) in the search andmatching stage. Note that djt, sjt, ljt, hjt, xjt,
and W̃jt are the firm’s policy functions, each of which is a function of the following set of state
variables: (ajt, P̃jt−1, ljt−1, Pjt). This relationship will be useful to draw out interpretations of
equilibrium equations in the following section.
Dropping the time subscripts, it becomes:

Vinit(a, P̃ , l, P ) = max
d,s,h,xE

δUl + (1− δ)(d+ (1− d)s)Ul + (1− δ)(1− d)
(
Pl′α − cf − κh

+ (1− s)λf(θ(xE))xEl + βEVinit(a+ 1, P̃ ′, l′, P ′)
)

(B.54)

subject to l′ = h+ (1− s)(1− λf(θ(xE)))l. The solution of xE pins down W̃ following (B.47).
The expectation of P ′ is formed based on the posterior updated after observing P , which is

lnP ′ ∼ (

ν̄0
σ2
0
+aP̃+lnP

σ2
ϵ

1

σ2
0
+

(a+1)

σ2
ϵ

).

Note that the first term δUl is independent of the variables to maximize and (1 − δ) in the
remaining two terms just scales the objective function. Thus, the maximization problem is
simplified to maximize the following terms:

Vinit(a, P̃ , l, P ) = max
d,s,h,xE

(d+ (1− d)s)Ul + (1− d)
(
Pl′α − cf − κh+ (1− s)λf(θ(xE))xEl

+ βEVinit(a+ 1, P̃ ′, l′, P ′)
)
,

subject to l′ = h+ (1− s)(1− λf(θ(xE)))l and P̃ ′ = aP̃+lnP
a+1 .

I first solve the problem for s, h, xE , and then for d, which rephrases the above maximization
problem as:

max

[
Ul, max

s,h,xE
sUl + Pl′α − cf − κh+ (1− s)λf(θ(xE))xEl + βEVinit(a+ 1, P̃ ′, l′, P ′)

]
. (B.55)

Let’s first focus on the maximization in the large bracket, which solves for optimal s, h, and xE .
Note that there is no case in which firms hire and separate workers at the same time. In other
words, if s > 0, then h = 0 should hold, and if h > 0, then s = 0. This is discussed in detail in
the following Section B.4.1.

B.4.1 Nonexistence of the case h > 0 and s > 0

Proposition B.1. Hiring firms with productivity P drawn above the hiring cutoff Ph(a, P̃ , l) do
not layoff workers. Similarly, firms that layoff workers with productivity P drawn between the
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middle and lower productivity cutoffs Pq(a, P̃ , l) and P l(a, P̃ , l) do not hire new workers.

Proof. Suppose that firms both hire and separate workers, e.g. h > 0 and s > 0, so that they
solve the following maximization problem:

max
h,s,xE

sUl + Pl′α − cf − κh+ (1− s)λf(θ(xE))xEl + βEVinit(a+ 1, P̃ ′, l′, P ′) (B.56)

The first-order conditions with respect to h, s, and xE are as follows (in the same order):

[
αPl′α−1 + β

∂EVinit′

∂l′

]
= κ, (B.57)

Ul − λf(θ(xE))xEl − (1− λf(θ(xE)))l
[
αPl′α−1 + β

∂EVinit′

∂l′

]
= 0, (B.58)

λf ′(θ(xE))θ′(xE)xEl + λf(θ(xE))l − λf ′(θ(xE))θ′(xE)l
[
αPl′α−1 + β

∂EVinit′

∂l′

]
= 0. (B.59)

Using (B.57) to substitute out the term
[
αPl′α−1+β ∂EVinit′

∂l′

]
in (B.59), and using (3.28), I can

rewrite the left-hand side of (B.59) as follows:

(κ− xE)γc−γ
(
(κ−xE

c )γ − 1
) 1

γ

(κ−xE

c )γ

(κ−xE

c )γ − 1
=

(
(κ− xE)γc−γ

)2
(
(κ−xE

c )γ − 1
)1− 1

γ

> 0.

This term can be proved to be strictly positive given that xE < κ − c for any active markets
xE . This means that the marginal value of xE is strictly positive, and thus optimal xE reaches
the upper bound:

xE = κ− c. (B.60)

Thus, for hiring firms it follows that f(θ(κ− c)) = 0, which makes the marginal value of s from
(B.58) negative as follows:

U −
[
αPl′α−1 + β

∂EVinit′

∂l′

]
< 0. (B.61)

This is due to (B.57) and κ > U , and shows that hiring firms can never have any marginal value
of separating workers and would never separate workers.
In a similar fashion, contracting firms would never hire workers, given that their marginal

value of a new hire from (B.57) is always negative:

[
αPl′α−1 + β

∂EVinit′

∂l′

]
− κ < 0, (B.62)
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given (B.69) and κ > U . Therefore, this completes the proof that if h > 0, s = 0 needs to hold,
and vice versa.
The proof enables me to split the firm’s problem into the following three cases from B.4.2

through B.4.4.

B.4.2 Hiring Firms: s = 0 and h > 0

max
h,xE

Pl′α − cf − κh+ λf(θ(xE))xEl + βEVinit(a+ 1, P̃ ′, l′, P ′) (B.63)

subject to l′ = h+ (1− λf(θ(xE)))l and P̃ ′ = aP̃+lnP
a+1 .

As before, the first-order conditions with respect to h and xE are (B.57) and (B.59), respec-
tively. We know the optimal xE is pinned at the upper bound as in (B.60).
Lastly, using (B.47), the utility level W̃ that firms will offer to their incumbent workers under

this case is determined by:

W̃ = κ− c. (B.64)

B.4.3 Inactive Firms: s = 0 and h = 0

Note that this case holds only when

[
αPlα−1 + β

∂EVinit′

∂l′
|l′=l

]
< κ,

where the marginal value of h is strictly less than zero and h = 0 is optimal. Under this case,
firms need to solve the following problem:

max
xE

Pl′α − cf + λf(θ(xE))xEl + βEVinit(a+ 1, P̃ ′, l′, P ′) (B.65)

subject to l′ = (1− λf(θ(xE)))l.
Using the first-order conditionwith respect to xE in (B.59), and evaluating l′ at (1−λf(θ(xE)))l,

we have the following equation to determine xE:

xE +
f(θ(xE))

f ′(θ(xE))θ′(xE)
−
[
αP
(
(1− λf(θ(xE)))l

)α−1

+ β
∂EVinit′

∂l′
|l′=(1−λf(θ(xE)))l

]
= 0. (B.66)

Using (B.47), the equilibrium utility level W̃ firms offer to their incumbent workers is pinned
down by:

W̃ = κ− (κ− xE)1+γc−γ . (B.67)
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Note that this only holds when the optimal xE is in the range of κ ≤ c. If P is high enough
so that the left-hand side of (B.66) becomes strictly greater than 0, then as before for the hiring
firms, the optimal solution is bound by the upper bound, i.e. xE = κ− c. This holds when

κ− c <
[
αPlα−1 + β

∂EVinit′

∂l′
|l′=l

]
,

so that the marginal value of xE is strictly positive, and hence, the optimal xE is bound by the
upper bound κ − c. In this case, firms would not just stay inactive but also not allow workers
quitting. In other words, they stay inactive not allowing quitting, i.e. l′ = l. More details about
the productivity cutoff will be supplemented in B.4.5.

B.4.4 Separating Firms with Layoffs: s > 0 and h = 0

max
s,xE

sUl + Pl′α − cf + (1− s)λf(θ(xE))xEl + βEVinit(a+ 1, P̃ ′, l′, P ′) (B.68)

subject to l′ = (1− s)(1− λf(θ(xE)))l.
Note that the first-order conditions with respect to s and xE hold the same as in (B.58)

and (B.59), respectively. Rewriting (B.58) by canceling out l and using (3.26) as before, the
following is obtained:

[
αPl′α−1 + β

∂EVinit′

∂l′

]
=

U − λxE
(
θ(xE)(1 + θ(xE)γ)−

1
γ

)
1− λ

(
θ(xE)(1 + θ(xE)γ)−

1
γ

) . (B.69)

Substituting out the term
[
αPl′α−1 + β ∂EVinit′

∂l′

]
in (B.59) using (B.69), xE is determined by

the following equation:

κ− U = c
[
(1 + θ(xE)γ)1+

1
γ − λθ(xE)1+γ

]
. (B.70)

Again, the equilibrium utility level W̃ is determined as (B.67).

B.4.5 Productivity Cutoffs

Now, next step is to determine the following three productivity cutoffs among operating firms:
i) a hiring cutoff above which firms decide to hire workers and below which firms decide to
stay inactive without quits; ii) a quitting cutoff above which firms stay inactive without quits
and below which firms stay inactive but allow quits; and iii) a separation cutoff above which
firms stay inactive with quits and below which firms decide to layoff workers. And lastly, a
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productivity cutoff for firm exit can be determined, below which firms endogenously exit.
Note that all these cutoffs should depend on the other firm state variables, which are a, P̃ ,

and l. Let the hiring cutoff denoted by Ph(a, P̃ , l), the quitting cutoff denoted by Pq(a, P̃ , l),
the layoff cutoff denoted by P l(a, P̃ , l), and the exit cutoff denoted by Px(a, P̃ , l).
First, to determine the hiring cutoff, it is determined by (B.57) evaluated at l′ = l. The reason

behind this is that given (a, P̃ , l), if P lies in a range in which the marginal value of hiring (the
right-hand side of (B.57)) becomes less than κ, then firms no longer hire any workers. The
threshold of P is determined at a point where it is optimal to choose h = 0 from the hiring
firms’ problem, below which firms would never hire workers due to the reason marginal value
of hiring a new worker is not high enough.
Therefore, the following equation determines the hiring productivity cutoff Ph(a, P̃ , l):

[
αPhlα−1 + β

∂EVinit′

∂l′
|
P̃ ′= aP̃+Ph

a+1 ,l′=l

]
= κ, (B.71)

where the expectation E(·) is formed over P ′ based on the firm’s and its workers’ posteriors
with the firm age a+ 1 and the average productivity P̃ ′ = aP̃+Ph

a+1 at the beginning of the next
period.
Next, the quitting cutoff can be obtained as follows. Note that firms would not hire workers

when [
αP
(
(1− λf(θ(xE)))l

)α−1

+ β
∂EVinit′

∂l′
|l′=(1−λf(θ(xE)))l

]
< κ, (B.72)

as before. At the same time, if the marginal value of xE is still high enough, then firms should
also set xE to the upper bound. This happens when:

λf ′(θ(xE))θ′(xE)xEl + λf(θ(xE))l − λf ′(θ(xE))θ′(xE)l
[
αPl′α−1 + β

∂EVinit′

∂l′

]
> 0,

which can be rephrased as

[
αPl′α−1 + β

∂EVinit′

∂l′

]
> xE +

f(θ(xE))

f ′(θ(xE))θ′(xE)
,

given θ′(xE) < 0 and f ′(θ(xE)) < 0. Also, given xE = κ− c, this can further rephrased as

[
αPl′α−1 + β

∂EVinit′

∂l′

]
> κ− c. (B.73)

Combining (B.72) and (B.73), firms would stay inactive without allowing quits in the following
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range

κ− c <
[
αPlα−1 + β

∂EVinit′

∂l′
|l′=l

]
< κ, (B.74)

in other words, the quitting cutoff Pq(a, P̃ , l) is determined by the following:

[
αPqlα−1 + β

∂EVinit′

∂l′
|
P̃ ′= aP̃+Pq

a+1 ,l′=l

]
= κ− c, (B.75)

below which firms start allowing quits. Again, the expectation E(·) is formed over P ′ based on
the firm’s and its workers’ posteriors with a+ 1 and P̃ ′ = aP̃+Pq

a+1 as before.
Lastly, in regards to the layoff cutoff, it is determined by (B.69) evaluated at l′ = (1 −

λf(θ(xE)))l where xE is the root of (B.70). Similar to the hiring cutoff, given (a, P̃ , l), if P
lies in a range in which the marginal value of layoff (the left-hand side of (B.69)) becomes less
than its cost (the right-hand side of (B.69)), then firms no longer lay off any workers. There-
fore, the cutoff is determined at where it is optimal to choose s = 0 from the separating firms’
problem, above which firms would never lay off workers.
Therefore, the following equation determines the layoff productivity cutoff P l(a, P̃ , l):

[
αP l((1− λf(θ(xE)))l)α−1 + β

∂EVinit′

∂l′
|
P̃ ′= aP̃+Pl

a+1 ,l′=(1−λf(θ(xE)))l

]
=

U − λxE
(
θ(xE)(1 + θ(xE)γ)−

1
γ

)
1− λ

(
θ(xE)(1 + θ(xE)γ)−

1
γ

) , (B.76)

where xE = xE(a, P̃ , l,P l) is the root of (B.70) with the set of state variables (a, P̃ , l,P l). Here
also, the expectation E(·) is formed over P ′ based on the firm’s and its workers’ posteriors with
a+ 1 and P̃ ′ = aP̃+Pl

a+1 as before.
Once the three cutoffs are determined, I refer to a firm value in each case – hiring, inaction,

quitting, and layoffs – asVinit,h,Vinit,i,Vinit,q, andVinit,l, respectively. Using these terms, the
value function (B.55) can be rewritten as follows:

Vinit(a, P̃ , l, P ) = δUl + (1− δ)

(
dUl + (1− d)max

[
Vinit,h,Vinit,i,Vinit,q,Vinit,l

])
.
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B.4.6 Exiting Firms

Lastly, firms’ optimal exit decision is chosen by:

d(a, P̃ , l, P ) =

1 if Ul > max
[
Vinit,h,Vinit,i,Vinit,q,Vinit,l

]
0 otherwise.

Letting the productivity cutoff denoted by Px(a, P̃ , l), it is determined by the following equa-
tion:

Ul = max
[
Vinit,h(a, P̃ , l,Px(a, P̃ , l)),Vinit,q(a, P̃ , l,Px(a, P̃ , l)),Vinit,l(a, P̃ , l,Px(a, P̃ , l))

]
.

(B.77)

Appendix C Workers’ Future Expected Value (Job Prospects)
Recall that the employed worker’s value in (3.12). Incorporating the decision rules of firms
obtained in the previous section, the worker’s value function can be rephrased as the following:

W(a, P̃ , l, P ) =w + βE

[(
δ +

(
1− δ

)(
d′ + (1− d′)s′

))
U

+ (1− δ)(1− d′)(1− s′)

(
λf(θ(xE′

))xE′
+
(
1− λf(θ(xE′

))
)
W̃′
)]

, (C.78)

where w = w(a, P̃ , l, P ) is the equilibrium wage offered by the firm, d′ = d(a + 1, P̃ ′, l′, P ′),
s′ = s(a+ 1, P̃ ′, l′, P ′), xE′

= xE(a+ 1, P̃ ′, l′, P ′), and W̃′ = W̃(a+ 1, P̃ ′, l′, P ′) are the firm’s
exit, layoff, retention decision rules in the next period, contingent on the realization of P ′. Note
that l′ = h(a, P̃ , l, P ) + (1 − λf(xE(a, P̃ , l, P )))l is the next period initial employment size of
the firm as a result of its hiring and retention activity in the current period. Hence, the worker
value function ends up being a function of the employer’s current state variable, (a, P̃ , l, P ).
As seen in Lemma 1, the promise keeping constraints (3.17) and (3.18) hold with equality at

equilibrium for new hires and incumbent workers, respectively. Thus, following Proposition 1,
given workers’ outside option, equilibrium wages depend on the workers’ expected value based
on their beliefs about firms.
Now, I would like to delve into the large bracket in (C.78), which is associated with workers’

expected future value. Incorporating the firm’s decision rules and the productivity cutoffs, these
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terms be rephrased as the following:

δU+ (1− δ)

(∫ ∞

Pq

(κ− c)dF (P ′) +

∫ Pq

Pl

(
λf(θ(xE′

))xE′
+
(
1− λf(θ(xE′

))
)
W̃′
)
dF (P ′)

+

∫ Pl

Px

(
s′U+ (1− s′)

(
λf(θ(xE′

))xE′
+
(
1− λf(θ(xE′

))
)
W̃′))dF (P ′) +

∫ Px

∞
UdF (P ′)

)
, (C.79)

where F (·) is the log-normal cumulative density function of productivity P ′, based on the

worker’s posterior about the firm with the corresponding mean ν̄ =

ν̄0
σ2
0
+(a+1) P̃

′

σ2
ε

1

σ2
0
+(a+1) 1

σ2
ε

and variance

σ2 + σ2
ε where σ2 = 1

1

σ2
0
+(a+1) 1

σ2
ε

. Also, the productivity cutoffs Pq, P l, Px are from (B.75),

(B.76), and (B.77), respectively, which are a function of the firm’s state variables (a+ 1, P̃ ′, l′)

at the beginning of the next period.
The first term is the worker’s value when the employer is hit by the exogenous death shock.

And conditional on surviving from the shock, workers further consider the following cases ex-
pressed in the large bracket following the first term.
First, the first term in the bracket in (C.79) shows that workers will get κ− c conditional on

the case in which their employer hires or stay inactive without losing any workers in the next
period, i.e. P ′ is drawn above Pq(a+1, P̃ ′, l′). As seen in the previous sections B.4.2 and B.4.3,
this firm would not allow any quits by setting the promised utility to incumbent workers to the
maximum value, i.e. κ− c. Thus, in either case, workers end up obtaining the value κ− c and
staying at the firm.
Next, the second term in the bracket presents the worker’s expected value when the firm stays

inactive but allows quits, i.e. P ′ is realized in between P l(a+ 1, P̃ ′, l′) and Pq(a+ 1, P̃ ′, l′). In
this case, with probability λf(θ(xE′

)), the worker can make his on-the-job search successful
and gain xE′. Otherwise, the worker stays at the current employer and obtains W̃′. Note that
xE = xE(a+1, P̃ ′, l′, P ′) and W̃ = W̃(a+1, P̃ ′, l′, P ′) are the employer’s equilibrium retention
choice (taking into account the worker’s choice for xE) following (B.47), (B.66), and (B.67).
The third term in the bracket is the worker’s expected value when the firm has a possibility

to lay off workers in the next period, i.e. (with P ′ realized between Px and P l). Then, in the
case of firm layoffs, the worker goes to the unemployment pool and consumes the value U,
which is the first term of the integral in this bracket. Otherwise, the worker needs to consider
the possibility of being poached (with the probability λf(θ(xE′

))) or staying at the current firm
(with the probability 1 − λf(θ(xE′

))) as before, which is expressed by the remaining terms in
the integral. Here, xE = xE(a + 1, P̃ ′, l′, P ′) is the employer’s layoff decision rule following
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(B.69), and xE = xE(a + 1, P̃ ′, l′, P ′), W̃ = W̃(a + 1, P̃ ′, l′, P ′) are the employer’s retention
decision rules as before following (B.47), (B.67), and (B.70).
Lastly, conditional on the firm observing P ′ below the exit cutoff Px(a+1, P̃ ′, l′), the firm will

endogenously stop operating and exit, and the worker becomes unemployed. This is reflected
on the last term.

C.1 The Ranking of Workers’ Value (Proof of Proposition 2)

Now, comparing the worker’s value after observing P , the followings can be established:

i) Workers at hiring or inactive employers (with P ≥ Pq) obtain the highest value, (κ− c);

ii) Workers at quitting employers (with P ∈ [P l,Pq]) have a value lower than those at
hiring or inactive firms (without quits) and higher than those at firms laying off workers,(
λf(θ(xE))xE +

(
1− λf(θ(xE))

)
W̃

)
;

iii) Workers at employers that lay off workers (with P ≤ P l) have a value lower than those
at quitting or inactive or expanding firms but higher than unemployed workers,

(
sU +

(1− s)
(
λf(θ(xE))xE +

(
1− λf(θ(xE))

)
W̃
))
;

iv) Unemployed workers have the lowest value, U .

The proof is as follows. First, it is already known that any inactive markets xE need to be ranged
below κ− c. And following (B.67), W̃ has to be bound by κ− c. In other words,

xE ≤ κ− c and W̃ ≤ κ− c for any active xE ,

which confirms that

(
λf(θ(xE))xE +

(
1− λf(θ(xE))

)
W̃
)
≤ κ− c, ∀xE,W̃. (C.80)

Next, consider a firm in the inaction region, P ∈ [P l,Pq], but allowing quits. Using (B.67), the
worker’s value at this firm can be rephrased as follows:

(
λf(θ(xE))xE +

(
1− λf(θ(xE))

)
W̃
)
= xE − (κ− xE)θ(xE)γ + cθ(xE)1+γ , (C.81)

which is the weighted average of the promised utility in the current firm and the target utility
in the worker’s on-the-job search. Here, xE is the solution of the equation (B.66). Furthermore,
this firm finds s = 0 to be optimal and stays inactive with quits allowed. Therefore, the marginal
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value of s, the left-hand side of (B.58), has to be strictly negative with any s > 0 and equals to
zero with s = 0.
Combining this with (B.66), it can be proved that

U ≤
(
xE +

(1− λf(θ(xE)))f(θ(xE))

f(θ)θ(xE)

)
,

which can further be rewritten with (3.26) and (3.28) as follows:

U ≤ xE − θ(xE)γ(κ− xE). (C.82)

With (C.81) and (C.82), it is proved that

U ≤
(
λf(θ(xE))xE +

(
1− λf(θ(xE))

)
W̃
)
, (C.83)

for any firms staying inactive with quits and choosing xE following (B.66).
Similarly, let’s consider a firm laying off workers after observing P ∈ [Px,P l] in a given

period. Based on (C.81), the worker’s value at this firm is

sU+ (1− s)
(
xE − (κ− xE)θ(xE)γ + cθ(xE)1+γ

)
, (C.84)

where xE is the solution of the equation (B.70). Furthermore, (B.70) implies that

U = xE − (κ− xE)θ(xE)γ + λcθ(xE)1+γ . (C.85)

Hence, (C.84) and (C.85) confirm that

U ≤ sU+ (1− s)
(
xE − (κ− xE)θ(xE)γ + cθ(xE)1+γ

)
. (C.86)

for any firms laying off workers with s and xE following (B.58) and (B.66).
Combining (C.80), (C.83), and (C.86) proves i) and iv), meaning that workers obtain the

highest value at a hiring or inactive firm and get the lowest value in the unemployment pool.
Lastly, the rank order of workers’ value between quitting firms and those laying off workers

needs to be confirmed to verify ii) and iii). This can be established with the following two
proofs. First, it can be proved that (C.81) is weakly increasing in xE, implying that workers
get weakly higher values at a firm with higher xE. Second, the other proof to be confirmed
is the equilibrium xE is higher for quitting firms than contracting firms with layoffs. In other
words, xE satisfying (B.66) is higher than xE satisfying (B.70). Then, the two proofs along
with (C.83) can confirm that workers obtain higher values at quitting firms than those laying
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off workers.
Let’s start with the first one by getting the derivative of (C.81) with respect to xE .

∂
(
λf(θ(xE))xE +

(
1− λf(θ(xE))

)
W̃
)

∂xE
=

∂

(
xE − (κ− xE)θ(xE)γ + cθ(xE)1+γ

)
∂xE

= 1−
θγ(κ−xE

c )−γ

1− (κ−xE

c )−γ
= 0. (C.87)

This implies that for any non-binding optimal solutions for xE in (B.66), worker values condi-
tional on not being separated are the same.
Second, it is already seen in the previous discussion from the equations (B.66) and (B.66)

that the optimal choice xE of quitting firms follows:

U ≤ xE +
(1− λf(θ(xE)))f(θ(xE))

f ′(θ)θ′(xE)
,

while the choice of firms laying off workers is pinned down by the following:

U = xE +
(1− λf(θ(xE)))f(θ(xE))

f ′(θ)θ′(xE)
.

Thus, in order to confirm the former is higher than the latter, it is sufficient to prove the following
terms are increasing in xE:

xE +
(1− λf(θ(xE)))f(θ(xE))

f ′(θ)θ′(xE)
.

Using (3.26), the above terms can be rephrased by

xE +
(1− λf(θ(xE)))f(θ(xE))

f ′(θ)θ′(xE)
= xE − θγ(κ− xE) + λcθγ+1.

These terms satisfy the following property:

∂

(
xE − θγ(κ− xE) + λcθγ+1

)
∂xE

=

∂

(
xE − θγ(κ− xE) + cθγ+1

)
∂xE

− (1− λ)c(γ + 1)θγ
∂θ(xE)

∂xE
> 0,

given that (C.87) makes the first term on the right-hand side being zero and ∂θ(xE)
∂xE < 0. Thus,

the following is proved:

∂

(
xE + (1−λf(θ(xE)))f(θ(xE))

f ′(θ)θ′(xE)

)
∂xE

> 0,
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implying that the optimal xE is higher for quitting firms than those laying off workers. Lastly,
this fact along with (C.83) and (C.87) finalizes the proof for ii) and iii).
Linking the findings i)-iv) to the equation (C.79), it can be shown that workers would expect

higher future values at a hiring or inactive firm than a contracting firms with poaching or layoffs.

Appendix D Implications of Workers’ Job Prospects

D.1 The Ranking of ∂EVinit(a+1,P̃ ′,l′,P ′)
∂l′

In this section, I analyze how workers’ job prospects matter for firms’ decision making at the
hiring or retention margin. Recalling (B.54), it can be rephrased as follows:

Vinit(a, P̃ , l, P ) = [∗]l + (1− δ)(1− d)

(
J(a, P̃ , l′, P, x,W̃)− c

q(θ(x))
h

)
, (D.88)

where

[∗] ≡ δU+ (1− δ)(d+ (1− d)s)U+ (1− δ)(1− d)(1− s)(λf(θ(xE))xE + (1− λf(θ(xE)))W̃).

Then, iterating it one period forward and taking expectation, the following holds:

∂EVinit′

∂l′
= E[∗′] + ∂E[∗′]

∂l′
l′ + (1− δ)

∂

∂l′
E
[
(1− d′)(J′ − c

q(θ(x′))
h′)
]
, (D.89)

which shows the expected future marginal value of a labor input. Note that this is the sum of
the following three components associated with workers’ job prospects and firms’ own prospects
about their type: i) the first term on the right-hand side is workers’ future expected value, ii)
the second term is the indirect effect of firm size on workers’ future expected value, and iii)
the last term is the firms’ expected future value. These terms play a key role in firms’ decision
making.
Now, I prove that ∂EVinit(a+1,P̃ ′,l′,P ′)

∂l′ varies across firms depending on their employment sta-
tus, and the ranking holds the same as the workers’ future expected value as seen in the previous
section.

D.1.1 Hiring Firms: s = 0 and h > 0

For hiring firms, their value function becomes:

Vinit(a, P̃ , l, P ) = δUl + (1− δ)
[
Pl′

α − cf − κh+ βEVinit(a+ 1, P̃ ′, l′, P ′)
]
,
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where h ≡ h(a, P̃ , l, P ) is the firm’s hiring decision rule and l′ ≡ h(a, P̃ , l, P ) + l. Then, we
have the following derivative with respect to l:

∂Vinit(a, P̃ , l, P )

∂l
=δU+ (1− δ)

[
αPl′

α−1
+ β

∂EVinit(a+ 1, P̃ ′, l′, P ′)

∂l′

]
+ (1− δ)

∂h

∂l

[
αPl′

α−1
+ β

∂EVinit(a+ 1, P̃ ′, l′, P ′)

∂l′
− κ
]
,

where the first line is a direct effect of l, and the second line is an indirect effect of l through
its optimal hiring on the value function. With (B.57), the indirect effect becomes zero, which
is consistent with the Envelope theorem. Therefore, it gets simplified as follows:

∂Vinit(a, P̃ , l, P )

∂l
=δU+ (1− δ)κ. (D.90)

D.1.2 Inactive Firms: s = 0 and h = 0

Next, consider inactive firms who do not allow quits. Their hiring, layoff, and retention decisions
are h = 0, s = 0, and xE = 0, all of which are the function of (a, P̃ , l, P ), and this makes l′ = l.
Thus, their value function is

Vinit(a, P̃ , l, P ) = δUl + (1− δ)
[
Plα − cf + βEVinit(a+ 1, P̃ ′, l, P ′)

]
,

and the first derivative of it with respect to l is

∂Vinit(a, P̃ , l, P )

∂l
=δU+ (1− δ)

[
αPlα−1 + β

∂EVinit(a+ 1, P̃ ′, l, P ′)

∂l

]
.

Note that this case can only happen with the range (B.74), and thus this term should be in
between [κ− c, κ]. In other words, the following holds for this type of firms:

δU+ (1− δ)(κ− c) ≤ ∂Vinit(a, P̃ , l, P )

∂l
≤ δU+ (1− δ)κ. (D.91)

Now, consider the other case of inactive firms who allow quits. Their value function is as follows:

Vinit(a, P̃ , l, P ) = δUl + (1− δ)
[
Pl′

α − cf + λf(θ(xE))xEl + βEVinit(a+ 1, P̃ ′, l′, P ′)
]
,

where xE ≡ xE(a, P̃ , l, P ) is their optimal retention choice, which is a root of (B.66), and
l′ ≡ (1− λf(θ(xE(a, P̃ , l, P ))))l.
Getting the derivative as before, the following can be obtained:

∂Vinit(a, P̃ , l, P )

∂l
= δU+ (1− δ)

[
(1− λf(θ(xE)))

(
αPl′

α−1
+ β

∂EVinit(a+ 1, P̃ ′, l′, P ′)

∂l′

)
+ λf(θ(xE))xE

]
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+ (1− δ)
∂xE

∂l

[
− λf ′(θ)θ′(xE)l

(
αPl′

α−1
+ β

∂EVinit(a+ 1, P̃ ′, l′, P ′)

∂l′

)
+ λf(θ(xE))l + λf ′(θ)θ′(xE)xEl

]
,

where the first line is a direct effect of l, and the second line is an indirect effect of l through
its optimal retention on the value function. As before, using (B.66), the indirect effect becomes
zero. Thus, the terms can be rephrased as follows:

∂Vinit(a, P̃ , l, P )

∂l
= δU+ (1− δ)

[
xE +

(1− λf(θ(xE)))f(θ(xE))

f ′(θ)θ′(xE)

]
.

Note that this term has to be in the following range:

U ≤ ∂Vinit(a, P̃ , l, P )

∂l
≤ δU+ (1− δ)(κ− c). (D.92)

The upper bound comes from f ′(θ)θ′(xE) < 0 and xE ≤ κ − c. The lower bound is from the
fact that this firm never finds s > 0 to be optimal, which is consistent to say the left-hand side
of (B.58) is strictly negative with any s > 0 or zero with s = 0. Combining this with (B.66), it
can be proved that

U ≤
[
xE +

(1− λf(θ(xE)))f(θ(xE))

f ′(θ)θ′(xE)

]
which gives the lower bound of (D.92).

D.1.3 Separating Firms with Layoffs: s > 0 and h = 0

For firms separating workers with explicit layoffs, their value function is:

Vinit(a, P̃ , l, P ) = δUl + (1− δ)
[
sUl + Pl′

α − cf + (1− s)λf(θ(xE))xEl + βEVinit(a+ 1, P̃ ′, l′, P ′)
]
,

where s ≡ s(a, P̃ , l, P ) is their layoff decision, xE ≡ xE(a, P̃ , l, P ) is their retention decision,
and l′ ≡ (1− s(a, P̃ , l, P ))(1− λf(θ(xE(a, P̃ , l, P ))))l.
Making the first derivative of it with respect to l, it can be obtained that

∂Vinit(a, P̃ , l, P )

∂l

= δU+ (1− δ)
[
sU+ (1− s)(1− λf(θ(xE)))

(
αPl′

α−1
+ β

∂EVinit(a+ 1, P̃ ′, l′, P ′)

∂l′

)
(1− s)λf(θ(xE))xE

]
+ (1− δ)

∂s

∂l

[
Ul − (1− λf(θ(xE)))l

(
αPl′

α−1
+ β

∂EVinit(a+ 1, P̃ ′, l′, P ′)

∂l′

)
− λf(θ(xE))xEl

]
+ (1− δ)(1− s)

∂xE

∂l

[
− λf ′(θ)θ′(xE)l

(
αPl′

α−1
+ β

∂EVinit(a+ 1, P̃ ′, l′, P ′)

∂l′

)
+ λf(θ(xE))l

+ λf ′(θ)θ′(xE)xEl
]
,
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where the first line is a direct effect of l, the second line is an indirect effect of l through its
optimal layoffs, the last two lines are an indirect effect of l through its optimal retention on the
value function. Note that, consistent with the Envelope theorem again, (B.69) and (B.59) make
the indirect effects zero. Also, using (B.69), the first line gets even more simplified. Ultimately,
the derivative becomes:

∂Vinit(a, P̃ , l, P )

∂l
= U. (D.93)

D.1.4 Exiting firms: d = 1

Lastly, for exiting firms, their value function is:

Vinit(a, P̃ , l, P ) = Ul,

and the derivative with respect to l is

∂Vinit(a, P̃ , l, P )

∂l
= U. (D.94)

Combining (D.90), (D.91), (D.92), (D.93), and (D.94), it can be proved that for ∂V
init(a,P̃ ,l,P )

∂l ,
hiring firms have the highest value, inactive firms without quits have the second highest value,
quitting firms have the third highest value, and firms laying off workers or exiting have the
lowest value. Therefore, this implies that firms that are more expected to draw higher P ′ and
expand in the next period will obtain a higher expected future marginal value of a labor input,
∂EVinit(a+1,P̃ ′,l′,P ′)

∂l′ .
This indicates that the expected future marginal value of a labor input goes in the same

direction as the workers’ expected value in the previous section. In other words, even after
considering the indirect effect of firm size on the workers’ expected value as well as the firms’
own prospects, the direct effect through the workers’ job prospects remains dominant to the
expected future marginal value of a labor input. In the following sections, I discuss howworkers’
job prospects can matter for firms’ choice for hiring and retention by showing that the expected
future marginal value of a labor input directly affects their decision.

D.2 Implications on Productivity Cutoffs

Note from the previous section B.4 that the term ∂EVinit′

∂l′ matters to determine variations of the
productivity cutoffs across firms with different job prospects. Recall that there are four endoge-
nous productivity cutoffs among operating firms, Ph, Pq, P l, and Px, which are determined by
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(B.71), (B.75), (B.76), and (B.77), respectively.
In order to see how the productivity cutoffs vary across firms with different posteriors, let’s

consider the following case. Suppose a firm with (a, P̃ , l) has the equilibrium productivity cut-
offs denoted by Ph(a, P̃ , l), Pq(a, P̃ , l), and P l(a, P̃ , l), following the equations (B.71), (B.75),
and (B.76), respectively. Let’s consider another firm having the same age a and size l, but higher
average productivity P̃ than the focal firm. Thus, this firm has a better posterior mean, with
the same posterior variance.
Now suppose that the three productivity cutoffs remain the same for this firm at the equilib-

rium. Since this firm has a better posterior, it is more likely to expand and less likely to contract
in the next period, and thus has a higher level of ∂EVinit(a+1,P̃ ′,l′,P ′)

∂l′ following the previous dis-
cussion. However, this contradicts to the equilibrium conditions for the productivity cutoffs, as
the left-hand sides of (B.71), (B.75), and (B.76) become greater than the right-hand sides of
the equations that remain constant. This confirms that firms having different posteriors cannot
have the same productivity cutoffs.
Note that the exact level of the productivity cutoffs can only be solved numerically. However,

it can still be inferred that the productivity cutoffs would be lower for the firm having a better
posterior from the following. The firm with a better posterior is expected to draw higher pro-
ductivity in the next period, and this increases the expected future marginal value of a labor
input following the discussion in the previous section. Thus, from the equations (B.71), (B.75),
and (B.76), the expected marginal future values on the left-hand side are higher for this firm,
and this will require the productivity cutoffs to go down to equate with the right-hand side by
lowering the spontaneous marginal product of the firm.

D.3 Implications on Hiring and Retention Margins (Result 3)

In this section, I show how workers’ job prospects affect firms’ decision to hire or retain workers.

D.3.1 Hiring Margin

The equation (B.57) associated with firms’ optimal hiring choice can be rephrased as follows
by using (D.88) and the firms’ indifference curve (3.25):

αPl′α−1 + β(1− δ)
∂

∂l′
E
[
(1− d′)(J′ − c

q(θ(x′))
h′)
]
= x− βE[∗′] + c

q(θ(x))
− β

∂E[∗′]
∂l′

l′. (D.95)
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The left-hand side of the equation shows the marginal benefit of hiring and the right-hand side
of the equation is the marginal cost of hiring.
Here, workers’ job prospects are associated with two terms as follows: i) workers’ expected

future value (E[∗′]) and ii) the derivative of workers’ expected value with respect to firm size
(∂E[∗

′]
∂l′ l′). First, workers’ job prospects affect firms’ hiring costs. Different job prospects from the

perspective of workers create wage differentials conditional on the promised utility x, which are
reflected in the first two terms in the second bracket. Second, workers’ expected future value
is further indirectly affected by new hires, which also affect hiring costs and the net marginal
value of hiring. This is the last term in the second bracket.
Furthermore, firms’ own uncertain prospects about themselves affect their expected future

value and hiring decision under the symmetric information structure. This is reflected in the
second term in the first bracket: iii) ∂

∂l′E
[
(1− d′)(J′ − c

q(θ(x′))h
′)
]
.

As seen in the previous section, workers’ expected future value is higher (lower) for high
(low) performing young firms with better (worse) posterior beliefs. Thus, high performing
young firms end up facing higher wage differentials and hiring costs compared to otherwise
similar mature firms, while low performing young firms can pay a discount. This causes high
performing young firms to have a lower net marginal value of hiring, while low performing
young firms have a higher marginal value of hiring, compared to otherwise similar mature
firms. This effect is through the term i) due to workers’ uncertain job prospects at young firms.
Furthermore, as seen in the previous section D.1, the sum of the above three terms i)-iii) is

higher (lower) for firms having better (worse) posterior beliefs and thus increases (decreases)
their marginal value of hiring.39 In other words, even after considering the indirect effect of
new hires in ii) and the firms’ own uncertain prospects in iii), the direct effect through work-
ers’ uncertain job prospects and the consequent wage differentials remains influential. Thus,
workers’ uncertain job prospects can create a hiring friction for young firms with high potential,
leading to employment gaps between young and mature firms.

D.3.2 Retention Margin

The retention margin is another channel through which young firms’ uncertain job prospects
affect firm size and growth. It is characterized by (B.59). Using the relationship (D.88) again
and putting the equation differently, the following can be obtained:

αPl′α−1 + β(1− δ)
∂

∂l′
E
[
(1− d′)(J′ − c

q(θ(x′))
h′)
]

39The separate signs of ii) and iii) cannot be analytically derived, but only the total sign can be shown.
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= W̃ − E[∗′]− β
∂E[∗′]
∂l′

l′ +
f(θ(xE)) + f ′(θ)θ′(xE)(xE − W̃)

f ′(θ)θ′(xE)
. (D.96)

As before, the left-hand side of the equation indicates the marginal benefit and the right-hand
side shows the marginal cost of retaining workers (by increasing a unit of promised utility to
incumbent workers). Note that unlike (D.95), the marginal cost here does not include vacancy
cost, but does include themarginal effect of adjusting contract offers on the previously employed
workers by affecting their wages in the previous period (the last term on the right-hand side).
The marginal benefit and cost are equalized at the equilibrium.
Here also, the aforementioned three terms are related to beliefs about firm type: i) workers’

expected future value (E[∗′]), ii) the derivative of workers’ expected value with respect to firm
size (∂E[∗

′]
∂l′ ), and iii) the firm’s expected future marginal value

∂
∂l′E

[
(1 − d′)(J′ − c

q(θ(x′))h
′)
]
,

where the first two terms are related to workers’ uncertain job prospects, and the last term is
associated with firms own prospects. As discussed before, given the utility level W̃ promised
to incumbent workers, the wage differentials through the the term i) reduce (increase) the
marginal value of high (low) performing young firms relative to heir mature counterparts. And
this effect is dominant to the other effects through the terms ii) and iii) as shown in Appendix
D.1. This indicates that firms’ retention decision is also importantly affected by workers’ uncer-
tain job prospects and the consequent wage differentials.
Related to the retention margin, the workers’ job prospects also affect the layoff decision of

firms. Firms’ layoff decision rule is determined by (B.58), which can be rephrased as follows:

− (1− λf(θ(xE)))l

(
αPl′α−1 + β(1− δ)

∂

∂l′
E
[
(1− d′)(J′ − c

q(θ(x′))
h′)
])

= −(1− λf(θ(xE)))l
(
W̃ − E[∗′]− β

∂E[∗′]
∂l′

l′
)
−Ul + λf(θ(xE))lxE + (1− λf(θ(xE)))lW̃, (D.97)

where the left-hand side is the marginal benefit and the right-hand side is the marginal cost
of laying off a worker. To be specific, the first term on the left-hand side shows the marginal de-
crease of firm size with respect to an increase in separation probability, i.e. −(1−λf(θ(xE))) <

0. Thus, the left-hand side characterizes a marginal effect of laying off a worker on the firm’s
marginal product and expected future value through employment size change.
Similarly, the first three terms on the right-hand side present the reduction of wages for

dismissed workers. The remaining terms on the right-hand side show the marginal effect of
higher layoff possibility on the wages paid to workers in the previous period. This is another
source of the marginal cost associated with firm layoff.
As before, the aforementioned three terms are engaged in the same direction, and the firms’
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layoff decision is mainly affected by workers’ job prospects. More importantly, firms with better
(worse) workers’ job prospects now have a higher (lower) marginal cost of laying off workers
and are less (more) likely lay off workers due to the negative sign of −(1− λf(θ(xE))).

D.4 Uncertainty and Job Prospects

D.4.1 Proof of Proposition 3

Proof.

∂ν̄jt−1

∂σ2
ε

=
( ajt
σ2
εσ

2
0

) (ν̄0 − P̃jt−1)(
1
σ2
0
+

ajt

σ2
ε

)2
> 0 if P̃jt−1 < ν̄0

< 0 if P̃jt−1 > ν̄0

∂σjt−1

∂σ2
ε

=
(ajt
σ2
ε

) 1(
1
σ2
0
+

ajt

σ2
ε

)2 > 0

D.4.2 Proof of Proposition 4

Proof.

∂

∂σ2
ε

( ∂ν̄jt−1

∂P̃jt−1

)
= −

( ajt
σ4
εσ

2
0

) 1(
1
σ2
0
+

ajt

σ2
ε

)2 < 0

D.4.3 Proof of Proposition 5

Proof. With σε
σ0

< 1, ∀ ajt ≥ 1

∂

∂σ2
ε

(∂ν̄jt−1

∂ajt

)
=

(P̃jt−1 − ν̄0)

σ4
εσ

2
0

(
1
σ2
0
+

ajt

σ2
ε

)3(ajtσ2
ε

− 1

σ2
0

)> 0 if P̃jt−1 > ν̄0

< 0 if P̃jt−1 < ν̄0

∂

∂σ2
ε

(∂σ2
jt−1

∂ajt

)
= −

(
ajt

σ2
ε
− 1

σ2
0

)
σ4
ε

(
1
σ2
0
+

ajt

σ2
ε

)3 < 0.
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D.4.4 Proof of Corollary 2

Proof. Suppose there are two firms, firm 1 and firm 2, having the same average productivity P̃ .
Let a1 and a2 be the ages of firms 1 and 2, respectively, where a1 > a2 ≥ 1. Also, let ν̄1 and ν̄2
be the posterior means for firms 1 and 2, respectively. From previous results, we have

ν̄1 > ν̄2 if P̃ > ν̄0

ν̄1 < ν̄2 if P̃ < ν̄0.

Then the following relationship holds:

∂(ν̄1 − ν̄2)

∂σ2
ε

=

(a1−a2)(P̃−ν̄0)
σ2
0σ

4
ε

(
a1a2

σ4
ε

− 1
σ4
0

)
(

1
σ2
0
+ a1

σ2
ε

)2(
1
σ2
0
+ a2

σ2
ε

)2
> 0 if P̃ > ν̄0

< 0 if P̃ < ν̄0,

so that the gap between ν̄1 and ν̄2 increases in σ2
ε .

Appendix E Welfare Implications

In this subsection, I derive welfare implications of the model as follows.

Proposition E.1. Given the level of uncertainty about firms’ productivity type (given σε and σ0),
the model’s block-recursive equilibrium can be replicated by a constrained social planner’s problem
and thus is efficient.

Proof. Suppose that a social planner is constrained by both of the search and information fric-
tions as in the market economy. The social planner aims to maximize the following welfare
function:

max
ut,vt,Me

t ,G(at+1,P̃t,lt),

d(at,P̃t−1,lt−1,Pt),

s(at,P̃t−1,lt−1,Pt),

h(at,P̃t−1,lt−1,Pt),

θ(at,P̃t−1,lt−1,Pt),

θE(at,P̃t−1,lt−1,Pt),

l(at,P̃t−1,lt−1,Pt),

θUt ,det (Pt),let (Pt)

Et

∞∑
t=0

βt
{
utb− cvt

+
∑

(at,P̃t−1,lt−1,Pt),at≥1

G(at, P̃t−1, lt−1)f(at,P̃t−1)
(Pt)

∗ (1− d(at, P̃t−1, lt−1, Pt)) (Ptl
α
t − cf )
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+M e
t

(∑
Pt

fe(Pt)(1− det (Pt)) (Pt(l
e
t (Pt))

α − cf )− ce

)}
, (E.98)

subject to

lt = (1− st)(1− λf(θEt ))lt−1 + ht (E.99)

vt = θUt ut +
∑

(at,P̃t−1,lt−1,Pt)

λθEt (at, P̃t−1, lt−1, Pt)lt−1G(at, P̃t−1, lt−1)f(at,P̃t−1)
(Pt)

(E.100)

ut = (1− f(θUt ))ut−1

+
∑

(at,P̃t−1,lt−1,Pt)

(dt + (1− dt)st)lt−1G(at, P̃t−1, lt−1)f(at,P̃t−1)
(Pt) (E.101)

G(at+1, P̃t, lt) =
∑

P̃t−1,lt−1

G(at, P̃t−1, lt−1)f(at+1,P̃t)

(
(at + 1)P̃t − atP̃t−1

)
∗ (1− d(at, P̃t−1, lt−1, Pt))Il(at,P̃t−1,lt−1,Pt)=lt

for at ≥ 1 (E.102)

G(1, P̃t−1, lt−1) =

M e
t f

e(P̃t−1)(1− de(P̃t−1)), if lt−1 = let (P̃ )

0, otherwise

ht(1− dt) = f(θUt )ut for firms searching in market θU (i.e. θ(at, P̃t−1, lt−1, Pt) = θU)
(E.103)

ht(1− dt) = λf(θEt )(1− st)lt−1 for firms poaching from market θE (i.e. θ(at, P̃t−1, lt−1, Pt) = θE)
(E.104)

The first line in the objective function shows the utility for unemployed workers and search
cost that the social planer takes into account. The second line presents the value of operating
incumbent firms, and the last line indicates the value of successful entrant firms.
Equation (E.105) can be rephrased as the following problem with an identifier j for each firm

j and their birth year tj0:

max
ut,vt,Me

t ,θ
U
t{

djt ,s
j
t ,h

j
t ,θ

j
t ,θ

Ej
t ,ljt

}
j,a

j
t≥1

Et

∞∑
t=0

βt
{∫

j

(( t∏
τ=tj0

(1− djτ )
(
P j
t (l

j
t )

α − cf

))
I
tj0<t

+
(
(1− djt )

(
P j
t (l

j
t )

α − cf

)
M e

t −M e
t ce

)
I
tj0=t

)
dj
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+ utb− cvt

}
, (E.105)

subject to

ljt = (1− sjt )(1− λf(θEj
t ))ljt−1 + hjt (E.106)

vt = θUt ut +

∫
j

 t∏
τ=tj0

(1− djτ )(1− sjt )λθ
Ej
t ljt−1

 I
tj0<t

dj (E.107)

ut = (1− f(θUt ))ut−1 +

∫
j

 t−1∏
τ=tj0

(1− djτ )(d
j
t + (1− djt )s

j
t )l

j
t−1

 I
tj0<t

dj

(E.108)

hjt (1− djt ) = f(θUt )ut for firm j searching in market θU (E.109)

hjt (1− djt ) = λf(θEk
t )(1− skt )l

k
t−1 for firm j poaching workers in market θEk

(E.110)

M e
t

∫
j
(1− djt )Itj0=t

dj =

∫
j

 t−1∏
τ=tj0

(1− djτ )d
j
t

 I
tj0<t

dj (E.111)

Combining (E.107), (E.109), and (E.110), along with the relationship θt = f(θt)
q(θt)

gives the
following equation:

vt =

∫
j

 t∏
τ=tj0

(1− djτ )
hjt

q(θjt )

 dj, (E.112)

where θjt is the market that firm j search in, i.e. θjt ∈
{
θUt , {θEk

t }k
}
.

Then, rephrasing (E.105) by replacing ljt with (E.106), vt with (E.112), and using Lan-
grangian multipliers µt for (E.108) and η(θjt ) for (E.109) and (E.110), the following is obtained:

max
ut,Me

t ,θ
U
t{

djt ,s
j
t ,h

j
t ,θ

j
t ,θ

Ej
t

}
j,a

j
t≥1

Et

∞∑
t=0

βt

{∫
j

(
t−1∏
τ=tj0

(1− djτ )(1− djt )

(
P j
t

(
(1− sjt )(1− λf(θEj

t ))ljt−1 + hjt

)α

− cf − c
hjt

q(θjt )
− η(θjt )h

j
t + η(θEj

t )λf(θEj
t )(1− sjt )l

j
t−1

+ µt(d
j
t + (1− djt )s

j
t )l

j
t−1

)
I
tj0<t
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+ (1− djt )

(
P j
t h

j
t − cf − c

hjt

q(θjt )
− η(θjt )h

j
t − ce

)
M e

t Itj0=t

)
dj

+ utb− µt(ut − ut−1(1− f(θUt ))) + η(θUt )ut−1f(θ
U
t )

}
, (E.113)

Here, pick a competitive equilibrium Ut and x(θjt ) and replace µt = Ut, ηt(θjt ) = xjt s.t.
θjt = θ(xjt), ηt(θEj

t ) = xEjt s.t. θ
Ej
t = θ(xEjt), and ηt(θUt ) = xUt s.t. θUt = θ(xUt ).

Rewriting (E.113), I have:

max
ut,Me

t ,θ
U
t{

djt ,s
j
t ,h

j
t ,θ

j
t ,θ

Ej
t

}
j,a

j
t≥1

Et

∞∑
t=0

βt

{∫
j

(
t−1∏
τ=tj0

(1− djτ )(1− djt )

(
P j
t

(
(1− sjt )(1− λf(θ(xEjt))l

j
t−1 + hjt

)α

− cf − (
c

q(θ(xjt))
+ xjt)h

j
t + xEjt(λf(θ(x

E
jt))(1− sjt )l

j
t−1

+ Ut(d
j
t + (1− djt )s

j
t )l

j
t−1

)
I
tj0<t

+

(
(1− djt )

(
P j
t (h

j
t )

α − cf − (
c

qθ(xjt)
+ xjt )h

j
t − ce

)
M e

t

)
I
tj0=t

)
dj

+ utb− Ut(ut − ut−1(1− f(θUt ))) + η(θUt )ut−1f(θ
U
t )

}
. (E.114)

Note that the first three lines are equivalent to the incumbent firms’ and entrants’ problems
in the market equilibrium. Solving the last line with respect to ut and θUt gives the following
two first-order conditions:

b− Ut + β
(
Ut(1− f(θUt+1)) + f(θUt+1)xt+1(θ

U
t+1)

)
= 0 (E.115)

−f ′(θUt )Ut + f ′(θUt )xt(θ
U
t ) + x′t(θ

U
t )f(θ

U
t ) = 0, (E.116)

where (E.115) is equivalent to the unemployed workers’ value function, and (E.116) is identical
to their optimal choice in the competitive equilibrium.

Therefore, this shows that we can find a solution for the constrained social planner’s problem
to be competitive equilibrium. In other words, under both search and information frictions, the
competitive equilibrium is the first best allocation. This is consistent with standard directed
search literature.
The following corollary holds under no uncertainty.
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Corollary E.1. If there is no uncertainty about the firm’s productivity type (σε = 0 and given
σ0), the model’s decentralized block-recursive equilibrium can be replicated by a social planner’s
problem with a search friction only, and thus is efficient.

Proof. Now we assume that the social planner can see exact firm type. Thus, the information
friction is no longer existent. In that case, the social planner’s problem can be written as:

max
ut,vt,Me

t ,g(lt),
d(ν,lt−1),
s(ν,lt−1),
h(ν,lt−1),
θ(ν,lt−1),

θE(ν,lt−1),
l(ν,lt−1),

θUt ,det (ν),l
e
t (ν)

Et

∞∑
t=0

βt

{
utb− cvt +

∑
(ν,lt−1)

g(lt−1)f(ν)(1− d(ν, lt−1)) (e
ν lαt − cf )

+M e
t

(∑
ν

f(ν)(1− det (ν)) (e
ν let (ν)

α − cf )− ce

)}
, (E.117)

subject to

lt = (1− st)(1− λf(θEt ))lt−1 + ht (E.118)

vt = θUt ut +
∑

(ν,lt−1)

λθEt (ν, lt−1)lt−1g(lt−1)f(ν) (E.119)

ut = (1− f(θUt ))ut−1 +
∑
ν,lt−1

(dt + (1− dt)st)lt−1g(lt−1)f(ν) (E.120)

g(lt) =
∑
ν,lt−1

f(ν)g(lt−1)(1− d(ν, lt−1)Il(ν,lt−1)
=lt (E.121)

+
∑
ν

M e
t f(ν)(1− det (ν))Ilet (ν)=lt (E.122)

ht(1− dt) = f(θUt )ut for firms searching in market θU (i.e. θ(ν, lt−1) = θU) (E.123)

ht(1− dt) = λf(θEt )(1− st)lt−1 for firms poaching from market θE (i.e. θ(ν, lt−1) = θE)
(E.124)

Following the same trick, it is obvious to prove that the competitive equilibrium under the
full information is also socially optimal as it can be replicated by the social planner’s problem
(E.117).

These results verify that the model’s decentralized block-recursive allocation given the level
of uncertainty is socially optimal. If the planner could resolve uncertainty, the decentralized
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allocation would be distorted due to the uncertainty.

Appendix F Computation Algorithm

F.1 Guess Vinit

We start with our guess Vinit0(a, P̃ , l, P ) for Vinit(a, P̃ , l, P ).40

F.2 Use Free-entry Condition

1. Get EP ′Vinit(1, lnP, le, P ′)

For each possible grid points for P , use lnP ′ ∼ N(

ν̄0
σ2
0
+ lnP

σ2
ϵ

1

σ2
0
+ 1

σϵ

, 1
1

σ2
0
+ 1

σϵ

+ σ2
ϵ ).

2. Guess κ

3. Find le and de that solves:

max
de,le

[
(1− de)

(
P (le)α − cf − κle + βEP ′Vinit0(1, lnP, le, P ′)

)]
, (F.125)

for each possible P , and adjust κ with a bisection method until it satisfies∫
max
de,le

[
(1− de)

(
P (le)α − cf − κle + βEP ′Vinit0(1, lnP, le, P ′)

)]
dFe(P ) = ce,

where lnP ∼ N(ν̄0, σ
2
0 + σ2

ϵ ).

F.3 Unemployed Workers’ Problem
Use the solution for xU ,

xU = κ− (cγ(κ−U))
1

1+γ (F.126)

and solve a fixed-point problem for U from the following:

U = b+ β
(
(1− f(θ(xU ))U+ f(θ(xU ))xU

)
, (F.127)

40Here, for notational convenience, I will use P̃ and l to refer to the average log productivity and
employment size in the previous period, respectively. Note that P is the current period productivity.
Variables with ′ refer to their value in the next period, i.e. P̃ ′ is the average log productivity up to the
current period, l′ is the current period employment size after all decisions made (for hiring, retention,
and layoffs, etc.), and P ′ is the next period productivity.
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using (3.28).

F.4 Value Function Iteration

1. Generate EVinit0(a+ 1, P̃ ′, l′, P ′) = EVinit0(a+ 1, aP̃+lnP
(a+1) , l′, P ′).

Given state variables (a, P̃ , l, P ) and lnP ′ ∼ (

ν̄0
σ2
0
+aP̃+lnP

σ2
ϵ

1

σ2
0
+a+1

σ2
ϵ

, 1
1

σ2
0
+a+1

σ2
ϵ

+ σ2
ϵ ), I use the inter-

polation of Vinit0 evaluated at each (a + 1, aP̃+lnP
a+1 , l′, P ′) and take expectation across

lnP ′.

2. Use grid search to max V and obtain the argmax gridpoint l′.
For each possible combination of l and l′, given (a, P̃ , l, P ):

(a) Step 1: for hiring/inaction case (l′ ≥ l)

xE = κ− c (F.128)

s = 0 (F.129)

h = l′ − (1− λf(θ(xE)))l = l′ − l (F.130)

(b) Step 2: for separation case (l′ < l)

xE = max
(
xE
1 , x

E
2

)
(F.131)

s = 1− l′

(1− λf(θ(xE)))l
(F.132)

h = 0 (F.133)

where xE1 refers to the promised utility level to incumbent workers in a firm facing
both layoffs and quits, and is pinned down by the root of the following:

κ−U = c
(
(1 + θ(xE)γ)1+

1
γ − λθ(xE)1+γ

)
, (F.134)

and xE2 refers to that in a firm having quits only, and is the root of the following:

l − l′

λl
= f(θ(xE)) =

(
1− (

κ− xE

c
)−γ
) 1

γ (F.135)

xE = κ− c
(
1− (

l − l′

λl
)γ
)− 1

γ
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Thus, from the above steps, we have

xE(a, P̃ , l, P, l′), s(a, P̃ , l, P, l′),h(a, P̃ , l, P, l′) (F.136)

and

W̃(a, P̃ , l, P, l′) = κ− (κ− xE(a, P̃ , l, P, l′))1+γc−γ (F.137)

for each possible set of (l, l′) and the state variables.

Using it, we find a gridpoint l′ that solves the following maximization:

V(a, P̃ , l, P ) ≡ max
l′

s(a, P̃ , l, P, l′)Ul + Pl′α − cf − κh(a, P̃ , l, P, l′)

+ (1− s(a, P̃ , l, P, l′))λf(θ(xE(a, P̃ , l, P, l′)))xE(a, P̃ , l, P, l′)l + βEVinit0(a+ 1,
aP̃ + lnP

a+ 1
, l′, P ′).

(F.138)

3. Spline approximation for l′

Let I be the optimal index for l′ that maximizes V, given (a, P̃ , l, P ). Now, we would like
to spline approximate V across the points lI−1, lI , and lI+1 to get a proper policy function.

(a) Step 1: use the spline approximated form of V

V = Vi(l) if li ≤ l ≤ li+1

where

Vi(l) = ai(l − li)
3 + bi(l − li)

2 + ci(l − li) + Vi(li)

V ′
i(l) = 3ai(l − li)

2 + 2bi(l − li) + ci

V ′′
i (l) = 6ai(l − li) + 2bi.

(b) Conditions to use

Vi(li) = Vi−1(li)

V ′
i(li) = V ′

i−1(li)

V ′′
i (li) = V ′′

i−1(li)
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→ Using the functional form for Vi above, these conditions are rephrased as follows:

∆Vi(li) = ai−1(li − li−1)
3 + bi−1(li − li−1)

2 + ci−1(li − li−1) (F.139)

ci = 3ai−1(li − li−1)
2 + 2bi−1(li − li−1)

2 + ci−1 (F.140)

2bi = 6ai−1(li − li−1) + 2bi−1 (F.141)

(c) Generate coefficient matrix

We can convert (F.139), (F.140), and (F.141), for i = 2, 3, ..., N (N is the number
of l grid points), into a matrix form. Let

Coeff =


a1 b1 c1 ... aN−1 bN−1 cN−1

... ... ... ... ... ... ...

... ... ... ... ... ... ...

 . (F.142)

Then, we could get this by

Coeff = DV ∗ inv(H), (F.143)

where

H =



(l2−l1)
3 0 0 ... 0 3(l2−l1)

2 0 ... 0 6(l2−l1) 0 ... 0 0 0

(l2−l1)
2 0 0 ... 0 2(l2−l1) 0 ... 0 2 0 ... 0 0 0

(l2−l1) 0 0 ... 0 1 0 ... 0 0 0 ... 0 1 0

0 (l3−l2)
3 0 ... 0 0 3(l3−l2)

2 ... 0 0 6(l3−l2) ... 0 0 0

0 (l3−l2)
2 0 ... 0 0 2(l3−l2) ... 0 −2 2 ... 0 0 0

0 (l3−l2) 0 ... 0 −1 1 ... 0 0 0 ... 0 0 0
... ... ... ... ... 0 0 ... 0 0 0 ... 0 0 0
... ... ... ... ... 0 0 ... 0 0 −2 ... 0 0 0
... ... ... ... ... 0 −1 ... 0 0 0 ... 0 0 0
... ... ... ... ... ... ... ... ... ... ... ... ... 0 0
... ... ... ... ... ... ... ... 1 0 0 ... 0 0 0
0 0 0 ... (lN−lN−1)

3 0 ... ... 0 0 0 ... 0 0 3(lN−lN−1)
2

0 0 0 ... (lN−lN−1)
2 0 ... ... 0 0 0 ... −2 0 2(lN−lN−1)

0 0 0 ... (lN−lN−1) 0 ... ... −1 0 0 ... 0 0 1


and

DV =



∆V(l2) ∆V(l3) 0 ... ∆V(lN ) 0 0 ... 0 0 ∆V(l2)
l2−l1

∆V(lN )
lN−lN−1

∆V(l2) ∆V(l3) 0 ... ∆V(lN ) 0 0 ... 0 0 ∆V(l2)
l2−l1

∆V(lN )
lN−lN−1

∆V(l2) ∆V(l3) 0 ... ∆V(lN ) 0 0 ... 0 0 ∆V(l2)
l2−l1

∆V(lN )
lN−lN−1

... ... ... ... ... ... ... ... ... ... ... ...

∆V(l2) ∆V(l3) 0 ... ∆V(lN ) 0 0 ... 0 0 ∆V(l2)
l2−l1

∆V(lN )
lN−lN−1


where the number of each matrix is the same as 3 ∗ (N − 1), and the number of
rows in Coeff and DV is (na ∗nP̃ ∗N ∗nP ), and each row is for each pair of state
variables (a, P̃ , l, P ′).
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(d) Get the root of l′

Once we have Coeff , we derive the root of l′ from each VI−1 and VI . This means
to find l′, such that

V ′
I−1(l) = aI−1(l − lI−1)

2 + bI−1(l − lI−1) + cI−1 = 0

and

V ′
I(l) = aI(l − lI)

2 + bI(l − lI) + cI = 0

Thus, we have four possible roots of l′ from the spline approximation:

l′ =
[−BI−1 ±

√
B2

I−1 − 4AI−1CI−1

2AI−1
,
−BI ±

√
B2

I − 4AICI

2AI

]
(F.144)

where

Ai = 3ai

Bi = 2bi − 6aili

Ci = 3ail
2
i + 2bili + ci, for i ∈ {I − 1, I}

(e) Evaluate V and the corresponding policy function l′

We evaluate

max[V(l′1),V(l′2),V(l′3),V(l′4),V],

and obtain

l′(a, P̃ , l, P ) = argmax[V(l′1),V(l′2),V(l′3),V(l′4),V]. (F.145)

Note that l′1 ∼ l′4 are the roots based on (F.144), and the first V(l′1) ∼ V(l′4) are spline
approximated V evaluated at each root, and the last V is the maximized value from
the grid search.

(f) Managing inaction ranges
For the inaction range, such that lI(a, P̃ , l, P ) = l, we don’t use spline approximation
for V(a, P̃ , l, P ).

4. Policy functions
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We use (F.136) and (F.145) to back out policy functions for

xE(a, P̃ , l, P ) ≡ xE(a, P̃ , l, P, l′)

s(a, P̃ , l, P ) ≡ s(a, P̃ , l, P, l′)

h(a, P̃ , l, P ) ≡ h(a, P̃ , l, P, l′),

and

d(a, P̃ , l, P ) =

1 if Ul > V(a, P̃ , l, P )

0 otherwise.
(F.146)

5. Update the Guess

Vinit1(a, P̃ , l, P ) =

(
δ + (1− δ)d(a, P̃ , l, P )

)
Ul + (1− δ)(1− d(a, P̃ , l, P ))V(a, P̃ , l, P )

(F.147)

If |Vinit0 − Vinit1| < ϵ, with sufficiently small ϵ, then it’s done! Otherwise, replace Vinit0

with a new guess Vinit1 and reiterate from the part B.2.
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Appendix G Figures for Low performing Firms

(a) Workers’ Expected Future Value
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(b) To Unemployed Workers
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(c) To Poached Workers
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(d) To Incumbent Workers
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(e) Exit
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Figure G.1: Low Performing Firms (average size)41

41The dotted grey lines indicate counterfactual series if firms continued operating.
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(a) Wages to Unemployed Workers

1 2 3 4 5 6 7 8 9 10

Firm Age

0.2

0.4

0.6

0.8

1

1.2

1.4

Baseline

Counterfactual

(b) Wages to Poached Workers
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(c) Wages to Incumbent Workers
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(d) Exit Decision Rule
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Figure G.2: Low Performing Firms: Baseline vs. Counterfactual (higher uncertainty)42
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Appendix H Full Tables

Table H8: Wage Differentials for Young Firms

(1) (2)
Earnings Earnings
Residuals Residuals

Young firm -0.002*** -0.003***
(0.001) (0.001)

Young firm × High performing firm 0.015*** 0.016***
(0.001) (0.001)

High performing firm 0.002 0.002
(0.001) (0.001)

Average Firm Productivity (up to t− 1) 0.009*** 0.012***
(0.001) (0.001)

Current Productivity (at t) 0.020*** 0.015***
(0.001) (0.001)

Firm Size (at t) 0.017***
(0.001)

Firm Size (at t− 1) 0.013***
(0.001)

Previous Employer (AKM) 0.267*** 0.270***
(0.001) (0.001)

Observations 50,170,000 50,170,000
Fixed effects Industry, State Industry, State

Notes: The table reports results for regression of earning residuals on young firm and
high performing firm indicators. Firm controls include cross-time average productiv-
ity level, current productivity level, and log employment size. Controls associated
with worker’s previous employment status are AKM firm fixed effect associated with
the previous employer and a dummy for non-employed workers in the previous pe-
riod. Observation counts are rounded to the nearest 10,000 to avoid potential disclo-
sure risks. Estimates for constant, industry, state fixed effects, the coefficient of the
indicator for worker’s previous non-employment status are suppressed. Observations
are unweighted. * p < 0.1, ** p < 0.05, *** p < 0.01.

42The dotted grey lines indicate counterfactual series if firms continued operating.
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Table H9: The Effect of Uncertainty on Young Firms’ Wage Differentials

(1) (2)
Earnings Earnings
Residuals Residuals

Young firm -0.001 -0.002
(0.002) (0.002)

Young firm × High performing firm 0.003 0.005**
(0.002) (0.002)

Young firm × Uncertainty -0.005** -0.004*
(0.002) (0.002)

Young firm × High performing firm × Uncertainty (at t− 1) 0.016*** 0.015***
(0.003) (0.003)

Uncertainty (at t− 1) -0.067*** -0.071***
(0.002) (0.002)

High performing firm 0.004** 0.003*
(0.002) (0.002)

Average Firm Productivity (up to t− 1) 0.009*** 0.011***
(0.000) (0.000)

Current Productivity (at t) 0.020*** 0.016***
(0.000) (0.000)

Firm Size (at t) 0.012***
(0.000)

Firm Size (at t− 1) 0.010***
(0.000)

Previous Employer (AKM) 0.269*** 0.272***
(0.000) (0.000)

Observations 50,170,000 50,170,000
Fixed effects Sector, State Sector, State

Notes: The table reports results for regression of earning residuals on young firm, high performing
firm indicators, and the uncertainty measure. Firm controls include cross-time average productivity
level, current productivity level, and log employment size. Controls associated with worker’s previous
employment status are AKM firm fixed effect and a dummy for non-employed workers in the previ-
ous period, associated with the previous employer to capture time-varying components. Observation
counts are rounded to the nearest 10,000 to avoid potential disclosure risks. Estimates for constant,
sector and state fixed effects, and the coefficient of the indicator for worker’s previous non-employment
status are suppressed. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Appendix I Robustness Checks for Regressions

Table I10: Wage Differentials for Young Firms (without firm size)

(1) (2)
Earnings Earnings
Residuals Residuals

Young firm -0.006*** -0.007***
(0.001) (0.001)

Young firm × High performing firm 0.013*** 0.015***
(0.001) (0.001)

High performing firm 0.005*** 0.004***
(0.001) (0.001)

Average Firm Productivity (up to t− 1) 0.016*** 0.006***
(0.001) (0.001)

Current Productivity (at t) 0.015***
(0.001)

Previous Employer (AKM) 0.283*** 0.281***
(0.001) (0.001)

Observations 50,170,000 50,170,000
Fixed effects Industry, State Industry, State

Notes: The table reports results for regression of earning residuals on young firm and
high performing firm indicators. Firm controls include cross-time average productiv-
ity level and current productivity level. Controls associated with worker’s previous
employment status are AKM firm fixed effect associated with the previous employer
and a dummy for non-employed workers in the previous period. Observation counts
are rounded to the nearest 10,000 to avoid potential disclosure risks. Estimates for
constant, industry, state fixed effects, the coefficient of the indicator for worker’s pre-
vious non-employment status are suppressed. Observations are unweighted. * p <
0.1, ** p < 0.05, *** p < 0.01.

103



Table I11: Compensating Differentials for Young Firms (propensity score weighted)

(1) (2) (3) (4)
Earnings Earnings Earnings Earnings
Residuals Residuals Residuals Residuals

Young firm -0.007*** -0.008*** -0.003*** -0.003***
(0.001) (0.001) (0.001) (0.001)

Young firm × High performing firm 0.015*** 0.018*** 0.019*** 0.019***
(0.001) (0.001) (0.001) (0.001)

High performing firm 0.004*** 0.002* -0.000 0.000
(0.001) (0.001) (0.001) (0.001)

Average Firm Productivity 0.017*** 0.003*** 0.005*** 0.009***
(up to t− 1) (0.001) (0.001) (0.001) (0.001)

Current Productivity (at t) 0.021*** 0.027*** 0.021***
(0.001) (0.001) (0.001)

Firm Size 0.020***
(0.000)

Firm Size (at t− 1) 0.015***
(0.000)

Previous Employer (AKM) 0.281*** 0.278*** 0.266*** 0.269***
(0.001) (0.001) (0.001) (0.001)

Observations 50,170,000 50,170,000 50,170,000 50,170,000
Fixed effects Industry, State Industry, State Industry, State Industry, State

Notes: The table reports results for regression of earning residuals on young firm and high performing firm indicators.
Firm controls include cross-time average productivity level, current productivity level, and log employment size. Controls
associated with worker’s previous employment status are AKM firm fixed effect associated with the previous employer
and a dummy for non-employed workers in the previous period. Observation counts are rounded to the nearest 10,000
to avoid potential disclosure risks. Estimates for constant, industry, state fixed effects, the coefficient of the indicator
for worker’s previous non-employment status are suppressed. Observations are weighted with inverse propensity score
weights of author’s own construction. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table I12: Wage Differentials for Young Firms (bootstrapped standard errors)

(1) (2) (3)
Earnings Earnings Earnings
Residuals Residuals Residuals

Young firm -0.006*** -0.007*** -0.002***
(0.001) (0.001) (0.001)

Young firm × High performing firm 0.013*** 0.015*** 0.015***
(0.002) (0.002) (0.002)

High performing firm 0.005*** 0.004* 0.002
(0.002) (0.002) (0.002)

Average Firm Productivity (up to t− 1) 0.016*** 0.006*** 0.009***
(0.000) (0.001) (0.001)

Current Productivity (at t) 0.015*** 0.020***
(0.001) (0.001)

Firm Size 0.017***
(0.000)

Previous Employer (AKM) 0.283*** 0.281*** 0.267***
(0.001) (0.001) (0.001)

Observations 50,170,000 50,170,000 50,170,000
Fixed effects Industry, State Industry, State Industry, State

Notes: The table reports results for regression of earning residuals on young firm and high performing firm
indicators by using bootstrapped standard errors. Firm controls include cross-time average productivity
level, current productivity level, and log employment size. Controls associated with worker’s previous
employment status are AKM firm fixed effect associated with the previous employer and a dummy for
non-employed workers in the previous period. Note that the only difference from the main table is the
standard errors. Observation counts are rounded to the nearest 10,000 to avoid potential disclosure risks.
Estimates for constant, industry, state fixed effects, the coefficient of the indicator for worker’s previous
non-employment status are suppressed. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table I13: Wage Differentials for Young Firms (with previous earnings)
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Table I14: Aggregate Implications of Uncertainty (current value)

(1) (2) (3)
Entry rate Young firm Young firm

share emp. share
Uncertainty (at t) -0.009*** -0.013*** -0.013***

(0.002) (0.005) (0.005)
Observations 4,300 4,300 4,300
Fixed effects Industry, Year Industry, Year Industry, Year

(4) (5) (6)
HG young firm HG young firm HG young firm

share emp.share avg. emp. growth
Uncertainty (at t) -0.010*** -0.008*** -0.020***

(0.003) (0.002) (0.005)
Observations 4,300 4,300 4,300
Fixed effects Industry, Year Industry, Year Industry, Year

Notes: The table reports results for regression of young firm activities in each column on the contemporary
value of the uncertainty at the industry level. Observation counts are rounded to the nearest 100 to
avoid potential disclosure risks. Estimates for constant, industry and year fixed effects are suppressed.
Observations are unweighted. * p < 0.1, ** p < 0.05, *** p < 0.01.
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